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Abstract

Nowadays, mobility analytics plays an important role in our daily lives, such as in
improving urban planning, optimizing transportation systems, and enhancing public
safety. With the rapid development of sensor technology, contemporary mobility
analytics based on sensing data has become more efficient and reliable. Depending
on how the sensing data is acquired, mobility analytics is generally divided into
active sensing-based mobility analytics and passive sensing-based mobility analytics.

Active sensing-based mobility analytics, such as deploying LIGHT DETECTION
AND RANGING (LiDAR) sensors for traffic flow monitoring or RADIO DETECTION
AND RANGING (RADAR) systems for movement tracking, either requires a high cost
of deploying additional infrastructure or users’ active and continuous participation in
sensing data collection. In addition, privacy concerns may arise due to the exposure
of personal identity in active sensing technologies.

Passive sensing-based mobility analytics, such as Wi-Fi-based localization or
INERTIAL MEASUREMENT UNIT (IMU)-based navigation, passively collects data
from existing INTERNET OF THINGS (IoT) sensors in the environment. Because
these IoT sensors are not dedicated to mobility analytics but pre-exist to support
other IoT services, passive sensing-based mobility analytics avoids the high costs of
installing additional infrastructure, the need of users’ active participation, and the
exposure of users’ identities.

However, passive sensing-based mobility analytics still faces many limitations.
First, since passive sensing technology lacks dedicated IoT infrastructure, sensing
data from a single sensor usually provides mobility information from a limited
perspective. Second, the process of collecting passive sensing data is uncontrollable
because ambient sensors are not directly controlled by users. As a result, the
potential data loss may cause failures in mobility analytics when one type of sensor
stops providing data for unknown reasons. Third, passive sensing data is generally
sparse also due to this uncontrollable data collection process. Therefore, many
studies aim to generate denser sensing data to enhance mobility analytics. However,
generating reliable sensing data is non-trivial and remains challenging.

To address these limitations, this dissertation proposes a collaborative and
complementary computing paradigm for passive sensing-based mobility analytics.
The key idea behind the proposed paradigm lies in three aspects: 1) mobility
analytics based on multi-modal sensing data, 2) mobility analytics based on cross-
domain sensing data, 3) multi-model-based sensing data generation. In the first case,
different types of sensors are jointly utilized for mobility analytics to complement the
weaknesses of individual sensors. In the second case, different forms of sensing data
from the same sensor are incorporated to provide insights from different knowledge
domains. In the third case, ARTIFICIAL INTELLIGENCE (AI)-driven methods and
non-Al-driven methods are synergized to generate denser sensing data.
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In this dissertation, the feasibility of the proposed computing paradigm is first
demonstrated in our preliminary work, where the advantages of collaboration and
complement between different sensors are exhibited. Next, this dissertation further
investigates the necessity and effectiveness of the proposed computing paradigm
through comprehensive mobility analytics in the following three scenarios.

e This dissertation estimates Physical Proximity between users based on
multi-modal sensing data, i.e., Wi-Fi data and IMU data. Wi-Fi data provides
absolute spatial information for mobility analytics, which IMU data lacks.
Conversely, IMU data offers fine-grained mobility information, which is not
available in Wi-Fi data. The joint use of Wi-Fi data and IMU data comple-
ments each other’s weaknesses, facilitating more reliable physical proximity
estimation.

o This dissertation investigates users’ Visual Attention based on cross-domain
sensing data, i.e., eye movements and light patterns reflected in human eyes.
The movement of human eyeballs and the light patterns reflected in human
eyes characterize users’ visual attention from different knowledge domains.
Therefore, the joint use of both types of data enables a more comprehensive
analysis of users’ visual attention.

e This dissertation develops a framework for Indoor Localization through
multi-model-based Wi-Fi fingerprint generation. First, Wi-Fi radio maps
are augmented by jointly utilizing a GENERATIVE ADVERSARIAL NETWORK
(GAN) model and a GAUSSIAN PROCESS REGRESSION (GPR) model,leveraging
the strengths of each approach. Second, a tailored localization algorithm is
designed by incorporating the augmented Wi-Fi radio maps.

This dissertation provides a comprehensive and in-depth mobility analytics based
on the proposed paradigm. On the one hand, the importance of collaboration and
complementarity in passive sensing-based mobility analytics is validated. On the
other hand, feasible strategies for mobility analytics in different scenarios are given
in this dissertation.
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CHAPTER 1

Introduction

1.1 Background and Context

The rapid development of sensing technology has created more opportunities to
interact with the physical world from different perspectives. By measuring and
detecting chemical, physical, and biological phenomena, various sensors convert
observations of the world into sensing data that can be processed by computer
systems. Specifically, such sensing data can convey environmental information (e.g.,
temperature and humidity), spatial information (e.g., velocity and orientation), bio-
logical information (e.g., heart rate and respiration rate), and behavioral information
(e.g., gesture patterns and movement trajectories). Consequently, a wide range of
services across diverse application domains can be supported more efficiently such
as autonomous driving, intelligent transportation, smart manufacturing, healthcare
monitoring, and next-generation communication systems [KRA-20].

In recent years, the growth of urban populations and the increasing demand for
transportation services have made traffic systems more congested, dynamic, and
difficult to manage. As INTERNET OF THINGS (IoT) infrastructure equipped with
diverse sensors becomes increasingly prevalent, sensing-based mobility analytics has
emerged as a critical tool for understanding and optimizing the movement of people,
goods, and vehicles, thus contributing to smarter urban services and improved
quality of daily life. For example, the works in [SMB+17; SWX+20; MSB+-21]
improve urban planning by analyzing human mobility during travel, providing
reliable predictions of travelers’ behaviors and preferences. The works in [RHZ+21;
WLQ+20; ZLL+20] optimize public transportation systems by investigating the
mobility of both crowds and vehicles, effectively recognizing movement patterns
under different traffic conditions. The works in [CLZ+22; ZTC+22; PCM+22]
enhance public safety by estimating human-to-human proximity in public spaces,
enabling timely alerts that help maintain appropriate social distance and reduce the
risk of disease transmission. Furthermore, mobility analytics also plays an important
role in many IoT-based services, such as estimating users’ locations in shopping
malls to support proximity-based advertisements [BYC+21], monitoring elderly
mobility to detect falls and prevent injuries [JSC20], and improving logistics by
better protecting temperature-sensitive goods [YWW+21].

Sensing-based mobility analytics is generally categorized into two types according
to how sensing data is collected: 1) mobility analytics based on active sensing
technology and 2) mobility analytics based on passive sensing technology, as shown
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in Fig. 1.1. Active sensing-based approaches rely on dedicated devices that actively
generate sensing signals and often consume extensive energy to monitor the mobility
of targeted entities. In contrast, passive sensing-based approaches require neither
additional dedicated devices nor active user participation. Instead, they leverage
existing infrastructures and devices, originally deployed for other purposes, to
perform mobility analytics.

Mobility Analytics
Active Sensing-based Passive Sensing-based
Mobility Analytics Mobility Analytics
e LiDAR-based approaches e Wi-Fi-based approaches

Radar-based approaches BLE-based approaches

RFID-based approaches IMU-based approaches

Acoustic-based approaches RGB Camera-based approaches

¢ Traffic Flow Monitoring * Indoor Localization
e Crowd Flow Analysis » Logistics Optimization
¢ Social Distancing Control e Motion Capture, and other applications

Figure 1.1: Mobility analytics based on sensing technology.

Active Sensing-based Mobility Analytics

Traditional mobility analytics largely relies on active sensing technology, where
"active" refers to either the active transmission of sensing data by the source or
the active request for sensing data by the receiver. In active sensing technology,
sensing data is typically generated by dedicated sensors that are pre-deployed in
the environment, such as LIGHT DETECTION AND RANGING (LiDAR), RADIO
DETECTION AND RANGING (RADAR), and ultrasonic sensors. These active sensors
consume a substantial amount of energy to produce sensing data. Specifically, they
first probe the ambient environment using various types of waves, such as radio waves,
laser pulses, or ultrasound waves, and then convert their environmental perceptions
into digital signals that can be processed by computer systems for mobility analytics.
In addition, users also actively interact with dedicated sensors in active sensing
technology, thus participating in the collection of sensing data. For example, in
mobility analytics based on RADIO FREQUENCY IDENTIFICATION (RFID) sensors,
users wearing RFID tags interact with RFID readers deployed in the environment,
thereby generating sensing data that reflects their mobility patterns.
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Studies such as [ZXC+20; CXW+19] deploy LiDAR sensors along roadways to
detect and track vehicles, providing reliable estimates of vehicle speeds. Research
in [ZXL+19; ZLX+19; TBB+23] leverages pre-installed LiDAR sensors for pedes-
trian detection to improve traffic monitoring and support urban planning. The
works in [LCW+23; GA19] utilize RADAR sensors for indoor mobility analytics,
where [LCW+23] estimates user locations and [GA19] develops a deep-learning
method for motion recognition. Radar sensors are also applied to indoor occupancy
detection, as demonstrated in [CKK21], providing potential solutions for mitigating
disease transmission during pandemics. Furthermore, studies such as [BXG+-20;
LHY+18; WLC+18] deploy large-scale RFID tags in the environment for human mo-
tion recognition, supporting various loT-based applications including fall detection,
human-computer interaction, and industrial safety and surveillance.

Active sensing-based mobility analytics can provide accurate and stable mobility
information, as dedicated devices offer high-quality sensing data and, in some
systems, user interaction ensures data consistency. Thus, active sensing remains
valuable in specific application scenarios today. However, it also faces notable
limitations. First, active sensing technology often involves high deployment and
maintenance costs due to the use of expensive sensors or large-scale sensor networks,
which significantly restricts its scalability. Second, many active sensing systems
require users to participate in data collection, yet user involvement cannot always
be guaranteed in reality. Finally, active sensing systems frequently depend on
user identification, raising privacy concerns that may discourage participation from
privacy-conscious individuals.

Passive Sensing-based Mobility Analytics

Over the past few years, the explosive growth of IoT-based services has led to
the widespread deployment of IoT sensors in many aspects of daily life, including
Wi-Fi Access PoOINTS (APs), BLUETOOTH Low ENERGY (BLE) beacons, INER-
TIAL MEASUREMENT UNIT (IMU) sensors on smartphones, and different built-in
sensors in wearable devices. Therefore, leveraging these existing sensors for mobility
analytics, also referred to as passive sensing-based mobility analytics, has attracted
increasing attention from both industry and academia. From an industry perspective,
commercial applications built upon existing sensors can significantly reduce the
costs associated with deploying dedicated sensing infrastructure, thereby enhancing
market competitiveness. From a research perspective, it is valuable to explore new
models and frameworks that fully capitalize on existing sensors to provide reliable
and scalable mobility analytics.

Supported by various sensors widely available in the environment, mobility
analytics based on passive sensing technology has penetrated into all aspects of our
lives. The works in [YYT22; ABD+23; ZWZ23] estimate users’ locations in the indoor
environment based on Wi-Fi signals. These works capture the RECEIVED SIGNAL
STRENGTH (RSS) values from different Wi-Fi APs in the ambient environment, which
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implies the physical distances between users and the Wi-Fi APs based on the nature
of wireless signal propagation. The works in [GLL+23; GJ23; YZZ22] also investigate
users’ mobility based on the information from Wi-Fi APs, where [GLL+23] recognizes
users’ gestures for human-computer interaction, [GJ23] tracks users’ motions by
analyzing the variations in Wi-Fi signals caused by users’ movements, and [GJ23]
devises a deep learning system for fall detection based on Wi-Fi signals. The
works in [ZZH+22; LIW+21; DTC+21; MS23| analyze users’ mobility using the
signals from existing BLE beacons, where users’ locations are predicted in [ZZH~+22],
the distance between moving and static users are estimated in [LJW+21], and
an indoor occupancy detection system is designed in [DTC+21]. As IMU sensors
are commonly embedded in various devices such as smartphones, smart glasses or
other smart wearable devices, IMU data can be also passively collected for mobility
analytics. Based on the collected IMU data, the work in [GRN+-24] analyzes users’
gait for fall detection, the work in [ZLL+24] investigates thoracic spine mobility for
disease monitoring, and the work in [YZX21] captures users’ motion for body poses
estimation.

Passive sensing technology offers several important advantages over active sensing
for mobility analytics, as summarized in Table 1.1. First, passive sensing-based
mobility analytics does not require dedicated sensing devices, which greatly reduces
deployment cost and improves system scalability. Second, users do not need to
actively interact with sensing sources or repeatedly request data from sensors. This
ease of use significantly improves deployability and makes passive sensing approaches
broadly applicable in real-world scenarios. Third, active sensing typically relies on
energy-intensive sensors such as LiDAR or RADAR, whereas passive sensing data
can be obtained at very low energy overhead from ambient sources such as Wi-Fi APs
or BLE beacons. Finally, passive sensing-based mobility analytics generally relies on
physical-layer signal measurements, such as RSS, CHANNEL STATE INFORMATION
(CSI), ANGLE OF ARRIVAL (AoA), and TIME OF ARRIVAL (ToA), rather than on
user identity information. Note that, when identity information and sensing data are
collected concurrently, encryption techniques can be applied to anonymize identifiers,
thereby providing an additional layer of privacy protection. Consequently, users
with privacy concerns can also access the corresponding services with confidence.

Table 1.1: Advantages of passive sensing-based mobility analytics.

Active sensing-based | Passive sensing-based
mobility analytics mobility analytics
High scalability 4
No active user participation v
Low energy consumption v
Privacy preservation v

Although passive sensing-based mobility analytics demonstrates many advantages,
it still has some limitations:
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(1) Unreliable analytics based on single-modal sensing data. Passive sensing-
based mobility analytics relies on existing IoT infrastructures rather than ded-
icated sensing devices. However, because these infrastructures are originally
deployed for other purposes, they cannot consistently provide reliable sensing
support. In particular, when certain IoT devices become unavailable due to
removal, malfunction, or temporary signal loss, the mobility analytics that de-
pends on them can be substantially degraded. Therefore, mobility analytics that
relies exclusively on single-modal sensing data from a single type of sensor is
unreliable.

(2) Limited perspectives of single-domain sensing data. While multi-modal
sensing data refers to data collected from heterogeneous sensor types, cross-
domain sensing data refers to data obtained from a single sensor type but
captured in different modalities or forms, such as RSS and RouND TRIP TIME
(RTT) from Wi-Fi APs, RGB images and depth maps from cameras, and range
profiles and Doppler spectra from RADAR sensors. Because single-domain
sensing data perceives the ambient environment from only a limited perspective,
mobility analytics based solely on such data are often incomplete and less
reliable. In contrast, cross-domain sensing enriches environmental perception by
incorporating complementary representations of the same phenomenon, thereby
improving the robustness and reliability of mobility analytics.

(3) Issues of dataset staleness. In passive sensing-based localization systems,
the precise locations of passive sensors are often unknown. Therefore, extensive
offline effort is typically required to associate sensing data with corresponding
ground-truth locations in order to estimate users’ accurate locations. However,
data collection in passive sensing-based mobility analytics is not a one-time
process. Instead, as existing [oT sensors leave or new sensors join, previously
collected data may become stale. As a result, this staleness can degrade the
reliability of mobility analytics potentially leading to inaccurate or misleading
results.

1.2 Motivation

To deal with the aforementioned limitations and provide a comprehensive and reliable
mobility analytics, this dissertation proposes a collaborative and complementary
computing paradigm that integrates three key principles: 1) Complementation
between multi-modal sensing data, where heterogeneous sensors are jointly utilized
so that the strengths of one sensor compensate for the limitations of another. 2)
Collaboration between cross-domain sensing data, where different forms of sensing
data from the same sensor are incorporated to provide insights from different knowl-
edge domains. 3) Multi-model-based sensing data generation, where ARTIFICIAL
INTELLIGENCE (AI) and non-AI methods are incorporated to generate sensing data
in a timely manner, addressing the issues caused by dataset staleness.
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Complementation between Multi-Modal Sensing Data

Spatial information can be passively extracted from various sensors that already
exist in the environment, such as the signal strength from Wi-Fi APs, the light
intensity from visible light lamps, or the depth maps captured by cameras. However,
because these sensors are installed for purposes such as communication, illumination,
or surveillance rather than mobility analytics, they may be removed, malfunction,
or become unavailable at any time. Consequently, the loss of data from a single
sensor type can degrade the performance of mobility analytics. In addition, each
sensor perceives the physical environment only from a limited perspective, which
often leads to incomplete or unreliable mobility analytics.

To address this challenge, this dissertation proposes complementation between
multi-modal sensing data, which not only leverages the strengths of each sensing
modality but also mitigates the impact of data loss when one type of sensor becomes
unavailable. For example, Wi-Fi measurements provide spatial information but suffer
from limited resolution due to multipath propagation. In contrast, IMU sensors
capture fine-grained motion dynamics with high sensitivity but do not offer absolute
location information. When these two types of sensing data are incorporated, Wi-
Fi offers global spatial anchors while IMU data refines local movement, resulting
in reliable mobility analytics that neither modality can provide independently.
Furthermore, data loss may occur when cameras cannot detect users under occlusion.
In such cases, wireless signals such as Wi-Fi or BLE, which typically penetrate or
bypass common indoor obstacles and therefore are not significantly affected by visual
occlusion, can provide complementary information to maintain mobility analytics
performance. Conversely, when visibility is unobstructed, camera systems generally
offer higher spatial accuracy than wireless sensing. Consequently, the joint utilization
of wireless data and camera data enhances robustness by preventing failures that
arise when a single sensing source becomes unavailable.

Collaboration between Cross-Domain Sensing Data

The same type of sensor can also perceive the environment from different perspectives
depending on the form of data it produces. First, Wi-Fi-based localization systems ex-
ploit different signal features, including the RSS values [AAC18], the CSI [WWM18],
and the RTT collected from ambient Wi-Fi APs [MRY+24; HYH20]. Moreover,
visual data from cameras can also convey their perception of the world from different
views. Compared with traditional localization based on RGB cameras [JLT+18],
stereo cameras provide depth information that supports three-dimensional environ-
mental perception [JKL18]. Furthermore, ambient light sources also offer multiple
forms of information. While some studies use light intensity for location estima-
tion [ZWZ+17; ZZ17], others leverage the modulation frequency of light to design
localization systems [Z718].

In summary, a single type of sensor can generate different forms of data that
convey information from different knowledge domains, each reflecting a distinct
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viewpoint of the environment and providing its own strengths. Therefore, this
dissertation proposes collaboration between cross-domain sensing data, leveraging
the strengths of each data form to support a more comprehensive mobility analytics,
especially in scenarios where only one type of sensor is available. For example, the
RTT from Wi-Fi APs is easily accessible but provides only coarse spatial information
due to multipath propagation. Similarly, light intensity measurements from ambient
lamps can be readily obtained but do not provide orientation information. In contrast,
the RTT measurements from Wi-Fi APs are more robust against multipath effects
and can offer finer ranging information, but they require dedicated devices that
support the FINE TIME MEASUREMENT (FTM) protocol. Likewise, the modulation
frequency of visible lights provides fine-grained spatial information but requires
dedicated photodiodes for detection. Therefore, the collaborative use of RSS and
RTT, as well as the collaborative use of light intensity and modulation frequency,
enhances system robustness against data loss and produces more accurate spatial
estimates for mobility analytics.

Multi-Model-Based Generation of Sensing Data

Datasets constructed for passive sensing-based mobility analytics are dynamic
rather than static. This is because existing ambient sensors may be removed and
new sensors may be deployed, causing the original dataset to become stale over
time and degrading the performance of mobility analytics. Although continuously
collecting new sensing data appears to be a straightforward method to maintain
dataset freshness, it requires significant human effort and limits the scalability of
mobility analytics services. To address dataset staleness, this dissertation proposes
to regularly generate synthetic sensing data.

Approaches for generating synthetic data can generally be categorized into non-
AT and AI methods. Non-Al methods are typically based on probabilistic modeling,
where a limited amount of ground truth data is used to construct a mathematical
representation of the data distribution, such as the estimation of means, variances,
or covariances. In comparison, Al-based methods rely on neural network models
that are trained using real data to learn high-dimensional features. Once trained,
both the probabilistic model and the neural network model can be employed to
generate extensive synthetic sensing data.

Each generation method has its own strengths and limitations. First, Al-based
methods are effective at capturing nonlinear and complex features from sensing data.
However, they generally require extensive training data, which incurs substantial
human effort, and their performance degrades when the available data are insufficient.
Probabilistic models, in contrast, often exhibit good extrapolation capability under
limited training data because they rely on predefined kernel functions that implicitly
model spatial correlations. Nevertheless, these kernel functions are usually fixed,
and even subtle changes in the environment may significantly impair mobility
analytics performance. Therefore, this dissertation proposes to jointly utilize different
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generation models to generate passive sensing data, where the respective strengths
and weaknesses of the models can be fully leveraged and compensated, thereby
facilitating a more reliable and accurate mobility analytics.

1.3 Preliminary Work

To demonstrate the feasibility of the proposed computing paradigm for mobility
analytics, this dissertation first presents the collaborative and complementary use
of multiple types of sensing data in the preliminary study. Next, this dissertation
further validates the importance and effectiveness of sensing data collaboration
and complementation by applying the proposed computing paradigm to mobility
analytics in three different scenarios.

Collaboration and Complementation between GPS, IMU, and Wi-Fi

The public transportation system is one of the most essential components in modern
society. Optimizing public transportation system, such as route planning, dynamic
scheduling, and passenger flow estimation, plays an important role in enhancing
passenger experience, reducing municipal expenditures, alleviating traffic congestion,
and mitigating environmental pollution. In the preliminary work of this disserta-
tion [WHD+20], multi-modal passive sensing data are jointly utilized to estimate
passenger flow in a sky train system, as shown in Fig. 1.2. The key to passenger
flow estimation is to analyze both vehicle mobility and passenger mobility, which
supports real-time detection of the vehicle’s movement status, stop events, and the
number of passengers on board. To achieve this, this dissertation employs a GLOBAL
POSITIONING SYSTEM (GPS) sensor to obtain vehicle location information, an IMU
sensor to capture vehicle motion patterns, and a Wi-Fi antenna to detect ambient
Wi-Fi probe signals.

Vehicle mobility in this dissertation is analyzed using both IMU data and GPS
data. The reliability of GPS measurements depends heavily on the LINE-OF-SIGHT
(LOS) between the GPS sensor and the satellite. When the LOS is obstructed,
for example when the vehicle enters a station or a tunnel, GPS data becomes
unavailable for estimating the vehicle’s position. To address this limitation, this
dissertation designs a rule-based algorithm that fuses IMU and GPS measurements
for vehicle motion status detection and stop detection. In this algorithm, the two
sensing modalities complement each other, where GPS data provide absolute location
information that IMU data lack, while IMU data compensate for periods of GPS
unavailability.

Passenger mobility in this dissertation is investigated using Wi-Fi probe signals
collected from the ambient environment. As a complement to vision-based ap-
proaches, Wi-Fi-based passenger mobility analytics does not compromise passenger
privacy. In this work, a Wi-Fi antenna is employed to capture probe requests broad-
cast by nearby smart devices, which can be categorized into two groups: probes from
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Figure 1.2: Passenger flow estimation based on multiple sensing data.

passengers’ devices and probes from non-passengers’ devices, as shown in Fig. 1.2.
To differentiate Wi-Fi probes from passengers and non-passengers, this dissertation
designs a regression network that learns the relationship between features extracted
from detected Wi-Fi probes and the actual number of passengers on the train. The
well-trained model can estimate the number of passengers in real time using the
Wi-Fi probes captured online.

In this preliminary work, the respective strengths of IMU data and GPS data
are leveraged to complement their weaknesses, thereby facilitating more robust stop
detection. In addition, the correlation between Wi-Fi probes and the actual number
of passengers are correlated, supporting more reliable passenger tracking. The GPS
sensor, the IMU sensor, and the Wi-Fi antenna are integrated into an edge node
deployed on the train, where both the stop detection algorithm and the passenger
tracking algorithm are executed in real time.

Collaboration and Complementation between BLE and Camera

Presence systems, which aim to monitor the presence of authorized individuals in
specific environments, are important for ensuring public safety, improving produc-
tivity, and conserving energy. For example, during a pandemic, many airports,
shopping malls, universities, and other public venues require visitors to present
vaccination certificates before entering. By actively interacting with the environ-
ment, such as through manual QR code scanning, presence systems can support
contact tracing. Presence systems are also widely used in large workplaces, where
real-time monitoring of employee attendance enhances operational efficiency and
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improves personnel safety. In addition, many facilities in the environment, such as
lighting systems and elevator systems, benefit from presence-aware control, allowing
access only to authorized individuals and thereby reducing energy consumption and
improving safety.
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localization system localization system
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Figure 1.3: Presence detection based on multiple sensing data.

In our preliminary work [HWH+-20], a presence system is developed that jointly
utilizes wireless sensing data and visual sensing data to achieve automatic real-time
monitoring of presence and absence. Visual sensing can "see" the types of objects in
images, but cannot identify "whether they are allowed to enter the environment?"
(e.g., whether they have an authorization certificate). Wireless sensing can "hear"
the signals from objects (e.g., BLE tags or smartphones) that enable radio frequency,
but cannot identify "what are there" (e.g., the types of objects). Three different
scenarios are presented in Fig. 1.3 to exemplify the key idea behind our system. As
shown in Fig. 1.3, Person 1 has an access certificate on his mobile device, Person
2 does not have an access certificate, and Device 3 has an access certificate but
its owner is not in the environment. A reliable presence system is expected to be
capable of detecting the authorized Person 1, the unauthorized Person 2, and the
ownerless Device 3.

To achieve this goal, a cross-modal localization and detection system for indoor
environments is developed. Wireless-based and vision-based localization are utilized
collaboratively and complementarily to provide cross-validation of human presence.
In the wireless-based localization system, a neural network model is trained to
learn the correlation between the RSS of BLE signals and the locations where the
signals are collected. In this work, devices continuously broadcast BLE beacons,
and multiple receivers deployed in the environment capture these signals. The
well-trained model can then estimate the real-time location of a device by analyzing
the BLE signals received by the receivers. In the visual-based localization system,
a depth camera continuously captures RGB images and depth maps. First, an
object detection algorithm is executed to detect humans in the environment. Next,
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both the RGB images and the depth maps are jointly used to localize all detected
humans. Finally, a nearest neighbor algorithm-based method is designed to fuse
the localization results of the two localization systems, leveraging their respective
strengths to compensate for their limitations.

1.4 Goals, Challenges, and Contributions

In the preliminary work, this dissertation incorporates multi-modal sensing data
for mobility analytics in two different scenarios, demonstrating the feasibility of
the proposed collaborative and complementary computing paradigm. To further
verify the effectiveness of the proposed computing paradigm and address the three
limitations explained in Section 1.1, three specific research objectives of mobility
analytics are investigated in this dissertation, i.e., mobility trajectory comparison
based on multi-modal sensing data, visual trajectory comparison based on cross-
domain sensing data, and localization based on multi-model generation.

These three research topics are connected through the shared goal of characteriz-
ing human mobility at different spatial and analytical scales. As shown in Fig. 1.4(a),
mobility trajectories describe how users traverse spaces or transition between ar-
eas and represent their movement at a macro level. Comparing users’ mobility
trajectories is to investigate the correlations between their macro-level behavioral
patterns, supporting applications such as group detection, proximity detection, and
anomaly or intrusion detection. Moreover, as shown in Fig. 1.4(b), visual trajectories
represent changes in users’ visual attention over time. Comparing users’ visual tra-
jectories is to analyze the correlations between their micro-level behavioral patterns
within a confined spatial region, such as investigating whether they belong to the
same attention group and whether their focus is on the same objects or regions.
Furthermore, as shown in Fig. 1.4(c), analyzing users’ precise locations provides the
most granular level of mobility analytics, supporting location-dependent applications
such as navigation, fitness-related services, and augmented reality gaming.

In summary, a top-down analytical hierarchy is established in this dissertation,
ranging from macro-level human movement across spaces, to micro-level interaction
behaviors within local regions, to fine-grained user locations. By addressing mobility
across multiple spatial scales and sensing modalities, this dissertation aims to develop
a comprehensive computing paradigm capable of capturing the full spectrum of
human mobility.

Mobility Trajectory Comparison Based on Multi-Modal Sensing Data

Benefiting from the fast development of computing technology, the IoT-related
services based on different types of sensors on mobile devices have penetrated
our lives and are affecting us from different aspects. For example, the sensing
data acquired from different sensors can be leveraged to facilitate more intelligent
public transportation systems [LMS+18], improve emergency response and thus
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Figure 1.4: Research goals of this dissertation.

enhance public safety [Wul8], infer users’ social connections and behaviors [SBB+15],
protect user privacy and improve mobile security [XYL+13], and augment other
cyber-physical systems [WKT11].

Over the past few years, public health security has been severely compromised
by the crises caused by pandemics. Social distancing during pandemics, if effectively
monitored, is extremely important for preventing and avoiding further spread of
diseases. For example, the level of social distancing can be determined by utilizing
crowds’ locations in a city [Una20], and the work in [Gov20] devises a method to
detect human proximity to identify people in the same areas. However, privacy issues
arise when location information is acquired [WL20]. While users may be willing to
reveal their GPS location for location-based services, GPS-based localization may
not be possible indoors due to the lack of LOS. In addition, proximity detection
technology can only sense mobile devices within the communication range and
unable to deeply comprehend users’ trajectories. Furthermore, users’ trajectories
in the environment are usually random and unpredictable, and may even involve
physical contact through social handshakes. It is challenging to quantify their level
of social distancing on their trajectories in the physical world using only sensor data
from the cyber world.

To tackle these challenges, this dissertation leverages the complementation
between multi-modal sensing data from users’ mobile devices to detect proximity
between users. More specifically, this dissertation collects Wi-Fi data from ambient
Wi-Fi APs based on the Wi-Fi antenna on users’ devices, and acceleration data
from the IMU sensor on users’ devices. In this dissertation, we refer to the collected
Wi-Fi data as macro mobility because it implies users’ spatial locations and the
acceleration data as micro movement because it portrays users subtle movements.
In this dissertation, we refer to the collected Wi-Fi data as macro mobility because
ambient Wi-Fi APs act as virtual landmarks and implies users’ spatial locations.
The acceleration data is referred to as micro movement because the IMU sensor
captures body motions and portrays the subtle movements of a mobile user.
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Figure 1.5: Proximity detection based on multi-modal sensing data.

This work aims to study the correlation between cyber distances behind multi-
modal sensing data and physical distances created in real-world social interactions.
To this end, we first quantify the mobility similarity between any two mobile
users based on the virtual landmarks (i.e., Wi-Fi data) collected along their mobility
traces. This dissertation considers two users as not social distancing (i.e., physically
non-separate) when they are sharing similar mobility trajectories. In this situation,
the Wi-Fi data collected by the two users are also similar, thus the cyber distance
between their macro mobility data is short. On the contrary, two users are considered
as social distancing (i.e., physically separate) when they are having completely
different mobility trajectories. In this situation, the Wi-Fi data collected along
their mobility trajectories are not similar to each other, and the cyber distance
between their macro mobility data becomes large. Next, the movement similarity
between the two users is quantified based on their collected acceleration data. This
dissertation considers two users as not social distancing (physically separate) when
they have the same micro-movements due to social physical contact (e.g., handshake
behavior), as shown in Fig. 1.5. In this case, the accelerations of two users are
similar, resulting in a shorter cyber distance between their movement data. Based on
the quantification of mobility similarity and movement similarity, this dissertation
proposes a cyber-physical social distancing system to check whether two users are
physically non-separate or physically separate. For example, the designed system
can determine that two users are physically separate when the computed mobility
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similarity and movement similarity are smaller than a pre-set threshold, and vice
versa. The proposed system is implemented as an application that can be installed
on any device, as long as the device has a Wi-Fi antenna to collect data from Wi-Fi
APs and an IMU sensor to collect data on its own acceleration.

The following contributions are made through the complementation between
multi-modal sensing data (i.e., Wi-Fi data and accelerations) for proximity detection.

e Complementary social computing: Wi-Fi data implicitly indicates the
spatial correlation between users and offers the opportunity to explore users’
transitions across spaces. However, Wi-Fi data has a lower resolution and is
unable to perceive small changes in mobility. IMU data, on the other hand,
is very sensitive to small changes of users’ motion, however, IMU data lacks
the support of spatial information. Therefore, the complementation between
multi-modal sensing data, i.e., Wi-Fi data and IMU data, can compensate for
their respective weaknesses, enabling a more reliable proximity detection.

e Location-less mobility analytics: The proposed system is designed to detect
proximity between users without the support of users’ absolute locations. As
the virtual landmarks (i.e., detected Wi-Fi APs) collected along users’ mobility
trajectories have been modeled into the proposed mobility signatures, the
spatial correlation between users can be inferred by computing the mobility
similarity between mobility signatures.

e Correlating digital twins of mobile users in any environment:The
proposed metric links the physical distance between users and the cyber
distance between their digital twins. Distance measurements based on RSS
can be utilized to track groups and contacts in large public spaces, but may
be challenging in small spaces because RSS is sensitive to many environmental
influences, e.g., signal attenuation due to obstructions and multipath effects.
Conversely, the proposed system is reliable in both large and small-scale
environments, because our system considers both macro mobility and micro
movements.

e Low complexity for real-time applications: Theoretical analysis and
extensive experiments demonstrates that the complexity of computing both
mobility similarity and movement similarity is low. As a result, the proposed
system is well suited for real-time applications.

Visual Trajectory Comparison Based on Cross-Modal Sensing Data

Investigating the correlation between users’ visual attention is of significance. First,
online classes are becoming more popular because of the pandemic, monitoring the
visual attention of students during online classes can remind distracted students
and thus improve the quality of teaching and learning in online classes. Second, the
user’s visual attention can form different trajectories, which can be used as signals
to control different home appliances in the smart home. Third, with the emergence
of metaverse, exploring the correlation between users’ visual attention can provide
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different services for VIRTUAL REALITY (VR) in the future. Some recent research
studies the visual attention of users by analyzing the images or videos captured by
their wearables, aiming to understand users’ behavior in different scenarios. For
example, the works in [WS17; SMS+18] infer users’ visual attention by analyzing
the scenes they see based on scene cameras, while the works in [MC21; JHQ+16]
investigate users’ attention by examining the users’ gaze using an eye camera.
However, limitations are observed in the existing methods. First, the scene
camera-based approaches [WS17; SMS+18] are incapable of capturing the changes
in visual attention caused by users’ eyeballs. An example is given in Fig. 1.6, where
person 1 is always concentrating on the computer during an online class while person
2 changes his attention from the computer to his smartphone by only moving his
eyeballs. In this case, the scenes captured by the two persons are identical because
their scene cameras always direct at the computer screen. In addition, the scene
camera-based approaches involve privacy issues, as passers-by are inevitably captured
as well. Furthermore, the gaze-based approaches [MC21; JHQ+16] are capable of
perceiving the movement of users’ eyeballs but provide no spatial information, e.g.,
users may share identical eye movements even in two completely different spaces.

Scenario 1: Persons 1 and 2 Scenario 2: Persons 3 and 4
have different visual attention. share similar visual attention.
=) Sight of Persons
Eye Camera x

N
s/  \ @
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Figure 1.6: Visual attention detection based on cross-domain sensing data.

With the above limitations in mind, this dissertation investigates users’ visual
attention through the collaboration between cross-domain sensing data, i.e., the
movements of human eyeballs and the light reflected in users’ eyes. As is well known,
human eyes act as a complicated optical system that perceives the light from the
surrounding environment and reflects the light in the iris of the eye. When users’
visual attention is in the same position, the light perceived by their eyes is identical
and thus exhibits similar distribution in their irises. When users’ visual attention
is in different positions, the light from different environments generates different
distributions in their irises. Therefore, the consecutive images (videos) containing
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users’ eyes represent the evolution of the light reflected in users’ irises, which also
implies changes in users’ visual attention over time.

Therefore, this dissertation studies the correlation between users’ visual attention
by comparing the collected videos containing users’ eyes. To achieve this, this
work proposes a system for visual attention correlating based on light-tracing of
human eyes. The proposed system models the collected video containing users’
eyes as consecutive visual signatures, which represent the evolution of light from
the perspective of the frequency domain. The high-frequency components are fast
changes in light and the low-frequency components are slow changes in light. To
explore whether two users share the same visual attention, the proposed system
computes the similarity score of visual signatures between two users. The principle
of quantifying the similarity score of any pair of visual signatures is to explore the
overlap of their frequencies. The more similar frequencies two visual signatures share,
the more similar the light distribution in users’ eyes is. We refer to the average
similarity between users’ visual signatures as the visual attention similarity between
two users. A higher visual attention similarity indicates that two users share the
same visual attention and vice versa.

The following contributions are made through the collaboration between cross-
domain sensing data from the same sensor, i.e., the movements of eyeballs and the
light reflected in human eyes captured by an eye camera.

e Collaborative visual attention correlating: Most of the existing methods
for visual attention correlating are based on scene cameras, which only capture
the scenes seen by users. Some recent studies propose to capture eye movements
to explore users’ visual attention, because smart glasses are becoming more
and more prevalent. This dissertation proposes a supplementary solution for
visual attention correlating based on the light reflected in human eyes captured
by an eye camera. The collaborative use of light reflected in users’ eyes and the
movement of users’ eyes can reliably correlate users’ visual attention without
raising privacy concerns.

e Correlation analysis between low-resolution videos: In this disserta-
tion, the video containing users’ eyes is low-resolution where the most useful
information is the light reflected in users’ eyes. For each collected video, this
dissertation creates consecutive visual signatures which are the representation
of the video in the frequency domain. By investigating the overlap of similar
frequencies between users’ visual signatures, this dissertation provides an
approach to analyze the correlation between the low-resolution videos.

e Tolerant to data loss caused by human eyes: Blinking and the rapid
movements of human eyes may lead to data loss and consequently system
failures. The system proposed in this dissertation investigates the current data
along with upcoming data when capturing the user’s eyes, thus mitigating the
impairment of the system caused by blinking or rapid eye movements.



1.4. Goals, Challenges, and Contributions 17

Localization Based on Multi-Model Generation

Indoor localization is important, particularly in environments where GPS data is
unavailable due to the lack of LOS. Accurately predicting users’ locations indoors
enables seamless navigation in complex spaces, allows businesses in shopping malls to
deliver precisely targeted advertisements, and enhances public safety by facilitating
efficient emergency response. Many studies leverage the information provided by
various sensing technologies for indoor localization, e.g., camera-based localization
[DNX+18; YSR22; ZXW+19], visible light-based localization [LGY+21; HXH+18],
IMU-based localization [SLJ+14; YMC+23], and BLE-based localization [CLC+20;
YCC+21]. However, camera-based methods raise privacy concerns, visible light-
based methods involve high deployment costs, and IMU-based methods suffer from
error accumulation, necessitating collaboration with other sensing technologies. BLE-
or UWB-based approaches [CFL+22; AUM+-24], although more cost-effective than
other approaches, incur significant hardware costs when deployed at scale.

Due to the prevalence of Wi-Fi technology, many recent studies exploit infor-
mation captured from existing Wi-Fi APs to estimate the location of indoor users
[YDV-+13; SHZ+15; SWL+22; ZQZ+22; TWL+20; HYD+19]. On one hand, Wi-
Fi-based localization raises no privacy concerns. On the other hand, Wi-Fi-based
localization does not necessitate any additional infrastructure costs. Despite its
advantages, Wi-Fi-based localization faces four main challenges: device heterogene-
ity, RSS fluctuation, high offline data collection costs, and dataset deterioration
[LXY+24]. Device heterogeneity and RSS variation, which are already commonly
discussed in many studies, can be addressed by designing robust fingerprinting
techniques [YDV+13; SHZ+15]. To alleviate extensive efforts for Wi-Fi data col-
lection, some studies propose to generate extensive synthetic Wi-Fi fingerprints by
only using a smaller number of collected Wi-Fi samples [LYK+21; TR21; MS24].
Dataset deterioration is often attributed to changes in signal propagation due to
furniture rearrangements or human movement within the environment [ZWZ+23].
Additionally, dataset deterioration also occurs when certain APs intermittently
become undetectable [LXY+24]. To address this problem, semi-supervised learning
frameworks are proposed in [ZWZ+23; LXY+24] to update the constructed radio
maps from time to time.

However, the above studies overlook the underlying cause of dataset deterioration,
namely the dynamic join or departure of Wi-Fi APs from the environment over time.
As a consequence, the localization performance may be significantly impaired. To
address this problem, an intuitive approach is to remove undetectable APs from
the database and generate synthetic radio maps for newly observed APs. Recently,
compared to traditional methods for radio map estimation [LH12; TZ21; LYK+21],
ARTIFICIAL INTELLIGENCE GENERATED CONTENT (AIGC)-based approach has
been receiving increasing attention because of its ability to extract reliable features
from the high-dimensional Wi-Fi data. Still, some challenges remain to be addressed.
For instance, GENERATIVE ADVERSARIAL NETWORK (GAN)-based models are
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Figure 1.7: The radio map adaptation in this dissertation refers to 1) generating
denser fingerprints for existing APs, and 2) generating radio maps for
newly observed APs.

devised in [NCC+21; JP24; QTN+22] to generate extensive Wi-Fi fingerprints
for ambient APs, based on the sparsely collected RSS observations from these
APs. However, the synthetic fingerprints are rarely reliable when these models are
applied to newly joined APs, because the extrapolation capability of GAN-based
models is limited. The works in [ZWD23; ZAP+23] can generate full radio maps
for wireless signal sources using generative models. However, transmitter locations
are indispensable in [ZAP+23], and urban maps are required in [ZWD23], which is
seldom available in reality.

To address these challenges, this dissertation proposes a collaborative and com-
plementary framework for spatial reconstruction and localization based on radio map
adaptation. Specifically, a radio map generator is developed by integrating a GAUS-
SIAN PROCESS REGRESSION (GPR)-based model with a GAN-based model. On
the one hand, the GAN-based model is capable of capturing complex and nonlinear
features from RSS measurements, but it typically requires significant human effort
to collect large-scale training data. When training data is scarce, the GAN-based
model often exhibits limited extrapolation capability for radio map generation. On
the other hand, the GPR-based model leverages spatial kernel functions to model
correlations between locations and RSS values, achieving satisfactory extrapolation
capability even with insufficient training data. However, due to its fixed kernel
assumptions, its performance may degrade when applied to new environments with
different spatial layouts and radio dynamics. Therefore, this dissertation combines
GPR and GAN to leverage their complementary strengths for radio map generation.
The proposed GPR-GAN generator is leveraged for radio map adaptation from
two perspectives, as demonstrated in Fig. 1.7. First, during the data collection
phase (time ¢ty in Fig. 1.7), sparsely collected Wi-Fi samples are used to train the
GPR-GAN generator, which is subsequently employed to synthesize extensive Wi-Fi
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measurements to densify the radio maps. Second, during the localization phase
(time t; to tio in Fig. 1.7), the GPR-GAN generator is utilized to generate radio
maps for newly observed Wi-Fi APs, thereby alleviating dataset staleness caused by
radio environment dynamics. Extensive results show that the proposed framework
is temporally robust, with its localization error increasing only slightly from 1.750 m
to 2.170 m over one year, while two STATE-OF-THE-ART (SOTA) methods degrade
significantly, from 1.955 m and 2.172 m to 3.402 m and 2.770 m, respectively. The
following contributions are made through the collaborative and complementary
generation of Wi-Fi fingerprints.

e Collaborative and complementary generation with dual-model: The
proposed framework for radio map generation is developed through the joint
collaboration of a GPR model and a GAN model. By embedding the GPR
model into the adversarial learning process, this dissertation collaboratively
and complementarily integrates the interpolation ability of GPR and GAN’s
ability to learn useful features from high-dimensional data.

e Temporal-robust localization against dataset deterioration: This
dissertation develops a radio map generator, which exploits sparse RSS ob-
servations of newly detected APs to generate full radio maps for these APs.
Consequently, the time-varying deterioration of the Wi-Fi dataset is alleviated
through radio map adaptation, thus yielding a time-robust localization system.

e Spatial-resilient fingerprinting technique: This dissertation additionally
devises a novel fingerprinting algorithm, where the fingerprints are created
by exploring the fine-grained RSS correlation between APs. While some APs
fail to provide reliable data because of environmental changes, the devised
fingerprinting technique exploits information from other APs for compensation.

o Labor-saving creation of denser radio maps: When Wi-Fi samples are
collected only at sparse RPs, the well-trained radio map generator can also be
applied to generate extensive synthetic Wi-Fi data, thereby greatly reducing
the expensive labor costs required for dataset collection.

The rest of this dissertation is structured and organized as follows. In Chapter 2,
this dissertation introduces some existing state-of-the-art research on proximity
detection based on multi-modal sensing data, visual attention detection based on
cross-domain sensing data, and indoor localization based on multi-model generation
of Wi-Fi data. In Chapter 3, this dissertation elaborates on how to devise a proximity
detection system based on the complementation of multi-modal sensing data, and
demonstrates the performance of the devised system through extensive experiments.
In Chapter 4, this dissertation designs algorithms to investigate the correlation
between users’ visual attention based on the collaboration of cross-modal sensing
data. Similarly, extensive experiments are conducted in this chapter to validate the
performance of the designed algorithms. In Chapter 5, this dissertation proposes a
Wi-Fi-based indoor localization framework, where multiple generation models are
jointly utilized to generate denser sensing data. Next, based on the original data and
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the synthetic data, this dissertation designs a robust Wi-Fi-based indoor localization
system, and verifies through extensive experiments that the system outperforms
the state-of-the-art. Finally, this dissertation summarizes the importance of multi-
modal sensing data, cross-domain sensing data, and multi-model-based generation
of sensing data in mobility analytics in Chapter 6. Furthermore, this dissertation
also prospects potential future work in this chapter.

1.5 Author’s Contribution to this Dissertation

According to §10(2) of the "Promotionsordnung der Fakultat fiir Informatik der
Technischen Universitdt Dortmund vom 29. August 2011", the dissertation must
include statements about the author’s contributions that resulted from cooperations
with others. Below, the contributions and statements are listed.

e The content of the preliminary work of this dissertation is divided into two
parts, which have been published in [WHD+20] and [HWH+-20], respectively.
All authors equally contributed to the work in [WHD++20], where the idea
was proposed by Fang-Jing Wu, the algorithm design and experiments were
jointly completed by me together with other authors, the implementation was
completed by me, and the writing of this work was completed by Fang-Jing
Wu. The idea of [HWH+20] was proposed by Fang-Jing Wu, the algorithm
design and experiments were jointly completed by me and other authors, and
the writing of this work was mainly completed by me.

o The content in Chapter 3 has been published in [HW21], which was completed
collaboratively by Fang-Jing Wu and me. The idea of this work was proposed by
Fang-Jing Wu and written together by Fang-Jing Wu and me. The algorithm
design, experiments, and implementation of this work were completed by me,
and Fang-Jing Wu offered many valuable suggestions and guidance throughout
the process as my supervisor.

e The content in Chapter 4 was completed collaboratively by Fang-Jing Wu
and me, which is currently in the submission stage [HW25b]. The idea of this
work was proposed by Fang-Jing Wu and me after many discussions. The
work was written collaboratively by Fang-Jing Wu and me. The algorithm
design, experiments, and implementation of this work were completed by me.
Fang-Jing Wu provided me with many valuable suggestions and guidance
throughout the process as my supervisor.

e The content in Chapter 5 was completed collaboratively by Fang-Jing Wu
and me, which is currently in the submission stage [HW25a]. The idea of this
work was proposed by Fang-Jing Wu and me after many discussions. The
work was written collaboratively by Fang-Jing Wu and me. The algorithm
design, experiments, and implementation of this work were completed by me.
Fang-Jing Wu provided me with many valuable suggestions and guidance
throughout the process as my supervisor.
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Related Work

This dissertation proposes a collaborative and complementary computing paradigm
for passive sensing-based mobility analytics. In the proposed computing paradigm,
this dissertation detects proximity based on the complementation between multi-
modal sensing data, investigates users’ visual attention based on the collaboration
between cross-domain sensing data, and designs a indoor localization system through
the multi-model-based generation of Wi-Fi data. In this chapter, this dissertation
introduces related work on mobility analytics in the above three scenarios.

Passive Sensing-Based Proximity Detection

The essence of proximity detection based on passive sensing data is to characterize
human physical mobility based on different sensing data, and then infer humans’
proximity by comparing the similarity between their mobility characteristics. In-
vestigating humans’ physical mobility based on sensing data is challenging. This
dissertation first categorizes existing research on humans’ physical mobility analytics
into the following types: 1) vision-based methods, 2) localization-based methods, and
3) wireless signal-based methods. Then, this dissertation analyzes the weaknesses of
these methods compared to our method.

Vision-based approaches utilize features of human mobility extracted from
video frames for mobility analytics. The works in [GCR12; SCC16] detect groups
of crowds by clustering mobility trajectories on continuous video frames. Social
groups on images collected in a commercial space are identified in [MPG+10], where
the identified social groups such as families, couples, and friends, follow a Poisson
distribution. The work in [CWB+16] generates extensive synthetic crowd videos
with the help of labeled ground truth in pedestrian counts and flows, significantly
reducing data labeling efforts. Contrary to vision-based methods, our method
does not require additional cameras and therefore does not violate user privacy.
Furthermore, our method does not require extensive labeled data that is usually
necessary for vision-based methods.

Localization-based approaches utilize relative or absolute locations to inves-
tigate human mobility. The works in [YHS+09; Fan86; Al-12; HLC+05] employ
GPS locations collected by mobile devices to track human mobility. However, GPS
data is usually not available in indoor environments because of the absence of LOS.
Therefore, the earlier works in [YLL09; XCZ08| deploy additional and dedicated
infrastructure with wireless beacons for indoor localization. The work in [ZXZ+14]
jointly utilizes spatio-temporal Wi-Fi information to create indoor fingerprints for
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localization. BLE beacons are set up in [MMS+17] to estimate users’ locations
instead of using Wi-Fi signals. The work in [VGQ16] leverages multi-modal wireless
signals from pre-installed BLE beacons and Wi-Fi APs to localize mobile users based
on trilateration. The work in [ZZX+15] divides the targeted field into multiple
sub-regions, where each sub-region is encoded by a sequence of anchor nodes based
on RSSIs for reducing the additional efforts at creating radio maps. The works
in [YDV+13; WYL+12; AMH18] allow mobile users to participate in the creation
of radio maps, aiming to reduce extensive efforts caused by prior site survey. In
localization-based methods, location information is usually acquired at a high cost
by deploying dedicated sensor networks on a large scale. Alternatively, location
information can also be obtained offline through prior site surveys. Our method
does not require any prior site surveys for offline data collection, and enables a
plug-and-play approach.

Wireless signal-based methods leverage the information from ambient Wi-Fi
APs or BLE beacons for mobility analytics. The work in [SW17] detects human
mobility for the detection of static groups by setting up BLE sniffers in an indoor
environment. The work in [CDG+18] monitors the levels of occupancy indoors,
where Wi-Fi sniffers are utilized to collect Wi-Fi probe packets. Based on the Wi-Fi
data extracted from multiple Wi-Fi sniffers’ probe packets, this work leverages
trilateration to estimate the user’s location. A regression-based model is employed
in [LRC19] to predict the level of occupancy indoors based on both BLE advertising
packets and Wi-Fi probe request packets. The work in [WS18] incorporates Wi-Fi
sniffers and stereoscopic cameras to develop a regression model for the estimation of
crowd sizes. The work in [DYY+17] devises algorithms to identify the relationship
among group members such as the left-right relationship or the leader-follower
relationship, that can be inferred from the face-to-face/back-to-back interaction
in a group. The work in [SCL+18] identifies shopping groups in shopping malls
by analyzing the Wi-Fi associated data. The work in [HS19] detects whether two
persons are moving along a similar trajectory by modeling crowd flows in graphs. In
this work, the popularity of Wi-Fi APs is considered for the computation of mobility
similarity between users. A higher popularity of a Wi-Fi AP means that this Wi-Fi
AP can be detected by many people, indicating that this AP carries less important
information. Compared to these research efforts, our work analyzes device-to-device
social closeness along dynamic mobility traces and human interactions resulting
from physical contact without relying on pre-deployed network sniffers.

Passive Sensing-Based Visual Attention Detection

We investigate the correlation between users’ visual attention by comparing the
captured videos containing their eyes. In this section, we categorize the research for
video comparison into three different categories, which are 1) traditional feature-based
approaches, 2) traditional hashing-based approaches, and 3) deep learning-based
approaches.
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In traditional feature-based approaches, features are extracted from the
image frames of a video as video representations. The correlation between videos is
quantified by computing the similarity between their extracted representations. For
example, the work in [LLX12] first extracts the SCALE-INVARIANT FEATURES (SIFT)
[Low99] from the image frames of videos. A SINGULAR VALUE DECOMPOSITION
(SVD) based algorithm is then designed in [Low99] to quantify the similarity between
videos based on the extracted features. The SPEEDED-UP ROBUST FEATURES
(SURF) [BTGO6], which are the fast version of SIFT, are extracted in [RR13] as the
video representations. A DyYNAMIC TIME WARPING (DTW) based algorithm is then
designed in [RR13] to match the extracted SURF features between videos. The work
in [RCW+12] creates visual features for videos using the HISTOGRAM OF OPTICAL
Frow (HOOF) features. Then, the similarity between videos is computed by aligning
these visual signatures. The work in [CCL15] extracts features by combining SURF
and HOOF'. The features extracted in [WHNQ7] are the color histograms, and the
work in [SYW+10] extracts the LocAL BINARY PATTERN (LBP) features which are
based on the grey-scale intensity of image frames. The work in [YC09] extracts the
Markov stationary features [LP17] which are the extension of color-histograms. The
work in [LBG+06] pays more attention to corner information, and thus extracts
features using Harris detector [HS+88].

Traditional hashing-based approaches generate hash codes for videos and
measure the similarity between videos by analyzing the correlation between their
hash codes. For example, the work in [GIM+99] leverages LOCALITY-SENSITIVE
HASHING (LSH) to generate hash codes for videos. The work in [KSH+04] first
extracts features from videos using a PRINCIPAL COMPONENT ANALYSIS (PCA)
based SIFT method, the hash codes are then generated for these features using
LSH. The work in [YCJ12] extracts SURF features from videos and then generates
hash codes for the extracted features. The work in [LM12] regards videos as order-3
tensors, i.e., 2-D content of image frames and temporal evolution as the third
dimension. Then, the hash codes are generated through multi-linear subspace
projections of the video tensor, which is obtained with PARAFAC factorization.
DISCRETE COSINE TRANSFORM (DCT) based hashing algorithms are also widely
used for video representation. The work in [EFW10] applies 3D-DCT to the videos,
the lower-frequencies components are then extracted as the hash codes of videos.
3D-DCT and RANDOM BASE TRANSFORM (RBT) are combined to generate hash
codes for videos in [CSMO6], and the hamming distance between hash codes is
computed to investigate the similarity between videos. The work in [KB17] designs
a hash algorithm by combing DCT and DISCRETE COSINE TRANSFORM (DST). In
work [DWB19], a TEMPORAL MATCH KERNEL (TMK) and DCT-based perceptual
hashing algorithm are jointly leveraged to quantify the similarity between videos.

Deep learning-based approaches extract features from intermediate con-
volutional layers of CONVOLUTIONAL NEURAL NETWORK (CNN) and aggregate
the extracted features as video representations. In work [KPP-19], the features
extracted from CNN convolutional layers are aggregated based on pooling layers
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and PCA technology. Tensor dot similarity and Chamfer similarity are then jointly
exploited to quantify the similarity between videos. The work in [KPP+17] ag-
gregates features based on a bag-of-word method and then computes the cosine
distance between video representations. Instead of extracting features frame by
frame, the work in [LLT+16] extracts the features directly from the entire video.
The extracted features are then fused through fully convolutional layers to learn the
temporal and discriminative information. The temporal information is also learned
from different RECURRENT NEURAL NETWORKS (RNNs). For example, the work
in [SZL+18] proposes a novel BINARY LONG SHORT-TERM MEMORY (BLSTM) to
obtain temporal information in a video. In addition, the works in both [WNS-+19]
and [LCL+19] also take the advantage of LONG SHORT-TERM MEMORY (LSTM)
to investigate temporal information after extracting features from the intermediate
convolutional layers.

The above research is not applicable to our work for three reasons. Firstly, the
videos extracted from human eyes contain limited color information, which only
consists of a large area of dark background and a small area of bright foreground.
The dark background is from human irises, while the bright foreground originates
from external light sources. If we generate hash codes for such images or videos, the
useful information in the generated hash codes is sparse due to the large area of dark
background. Secondly, the distinctive features in the videos extracted from human
eyes are only the edges between the dark background and the bright foreground. The
correlation between videos is hardly explored based on only edge features. Thirdly,
objects are difficult to be detected in the videos because the videos captured from
the eyes are of low resolution.

Passive Sensing-Based Indoor Localization

In this work, we categorize Wi-Fi-based indoor localization into (1) fingerprint-free
Wi-Fi Localization, (2) traditional fingerprint-based Wi-Fi localization, and (3)
fingerprint augmentation-based Wi-Fi localization.

Fingerprint-free Wi-Fi localization. Fingerprint-free Wi-Fi localization is
usually achieved based on AoA-based methods or ToA-based methods. In AoA-
based approaches, the antenna layout generally plays a vital role in localization
performance. The works in [TLT+21; TWL+-21] first design self-calibration methods
to effortlessly optimize the antenna layout, where non-linear antenna layouts always
exhibit superiority over linear antenna layouts. Next, different AoA-based methods
are proposed for localization based on CSI information. The work in [ZZL+23] designs
a confidence-based localization algorithm to choose the highest-scoring AoA estimate
as the final localization result, where only the most reliable CSI measurements
are selected for fingerprint construction. Due to the recent prevalence of FTM
in commercial Wi-Fi chips, ToA information can be estimated more accurately
based on RTT measurements [YCS+22; Cho22; ZWC+23; MWP+20]. The work in
[MWP+20] first measures the distances between the target user and APs based on
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FTM technology, and then introduces a clustering-based trilateration supported by
weighted concentric circle generation (WCCG) for indoor localization. In addition,
different types of Kalman filter algorithms are designed in [YCS+22; ZWC+23],
which jointly utilize the distances estimated by FTM and the IMU sensor data from
mobile devices for localization. The work in [Cho22] enhances the FTM-ranging
results with the aid of IMU sensors.

Traditional fingerprint-based Wi-Fi localization. In this category of
methods, the online perceived Wi-Fi data is generally matched with the offline
constructed radio maps for localization. To address the issue of RSS uncertainty
caused by indoor signal fading, the matching process in [ZLT+21] incorporates
various hypothesis tests for localization, e.g., the Jarque-Bera test, Mann-Whitney
U-test, and T-test. The work in [SWL+22] constructs fingerprints by synergizing RSS
and FTM technology, which complements the limitations of single-modal data and
improves localization accuracy. The works in [ZQZ+22; TWL+20] utilize the Wi-Fi
CSI to construct fingerprints. In the online stage, a CNN-based model is designed in
[ZQZ+22] to explore the correlation between locations and constructed fingerprints,
while a LSTM-based model is devised in [TWL~+20] for indoor localization. The
fingerprints in [LYH+22] are established by synergizing a neural network and a
genetic algorithm. Next, a nonlinear optimization algorithm is applied to the
constructed fingerprints for indoor localization.

Fingerprint augmentation-based Wi-Fi localization. In this category of
methods, a small number of Wi-Fi samples are usually collected offline, and then
extensive synthetic Wi-Fi fingerprints are generated by correlating the collected
Wi-Fi data and the target environment. The works in [MS24; LYK+21] generate
denser fingerprints by incorporating sparse Wi-Fi samples collected offline and urban
maps containing environmental geometric information. The GAN-based frameworks
are proposed in [NCC+21; QTN-+22] to generate a large number of fingerprints,
from which the most reliable fingerprints are then selected by dedicated selection
algorithms. Similarly, denser fingerprints are generated in [JP24] and in [ZCL+20]
using a devised LSTM-GAN model and a GPR-GAN model, respectively, both
of which are also trained using only sparse Wi-Fi samples collected offline. The
works in [ZWD23; ZAP+23] jointly utilize offline collected Wi-Fi samples and signal
transmitters’ locations to train generative models, which are then employed to
estimate the radio map of each transmitter in the target environment. The work
in [ZSZ+24] leverages interval data analysis to generate APs’ radio maps based on
their sparse fingerprints collected offline. The work in [ZWZ+23] designs a few-
shot learning framework to generate fingerprints, while a semi-supervised learning
framework is proposed in [LXY+24] for radio map updating. The above research
generates RSS-based Wi-Fi fingerprints, while the works in[LQL+19; WY W+21;
CC20] employ generative models to generate CSI-based Wi-Fi fingerprints.

Offline collecting Wi-Fi samples to construct the fingerprint dataset is a two-sided
process, offering both advantages and limitations. On one hand, fingerprint-free
localization does not necessitate offline data collection, thus avoiding the associated
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labor costs and enabling plug-and-play. On the other hand, fingerprint-based local-
ization learns the correlation between the target environment and Wi-Fi information
through the created fingerprints, thereby improving localization performance. To
alleviate expensive labor costs while ensuring localization performance, fingerprint
augmentation-based localization is proposed to generate extensive synthetic finger-
prints using a small number of collected Wi-Fi samples. However, the dynamic
join and departure of Wi-Fi APs are not taken into account in the above studies,
leading to a potential degradation of localization performance over time. In addition,
urban maps and AP locations are usually hard to acquire in reality. The framework
proposed in this work aims to solve these problems.



CHAPTER 3

Mobility Trajectory Comparison
Based on Multi-Modal Sensing
Data

3.1 System Model

In this work, the social closeness among users in the physical world is investigated
by studying the correlation between their cyber-world mobility trajectories. This
work creates the cyber-world mobility trajectory for each user using the sensing
data collected by their smart devices. To this end, we first assume that a dedicated
mobile sensing application is installed on the device of each user in advance. On
the one hand, this application perceives the information from ambient Wi-Fi APs
every Ty, seconds. On the other hand, it collects accelerations from the device’s IMU
sensor every Ty seconds. This work divides time into intervals with a fixed length of
1, i.e., the mobility analysis is always executed based on the sensing data collected
within I seconds. For a certain time interval, we denote by W; = {w;(k)|k >0} and
A; = {(zi(k),yi(k),zi(k))|k >0} the Wi-Fi data and accelerations collected by user
d;, respectively. Note that, w;(k) contains the MAC addresses of detected Wi-Fi
APs and their corresponding RSS, and x;(k), y;(k), z;(k) represent the accelerations
of d; along the x-, y-, and z-axis at the k-th measurements. As a result, this work
creates d;’s mobility trajectory based the sensing data (W;, A;) collected by d; during
any time interval I, where [W;| # |A;| because the frequency of sampling Wi-Fi data
is significantly higher than sampling accelerations.

Assuming that the sensing data (W;, A;) and (W;,A;) are collected by two
users d; and dj, this work computes the cyber-world distance between d; and d; by
quantifying the similarity between their sensing data. Because this work models the
mobility trajectory for each user based on their sensing data, a higher similarity
between (W;, A;) and (W;,A;) means that d; and d; are sharing similar mobility
trajectories. As a result, the cyber distance between d; and d; is also shorter.
Similarly, a larger cyber distance indicates a lower similarity between (W;, A;) and
(W;,A;). To achieve this, this works first separately compute the similarity between
W; and W, and the similarity between A; and A;. The W;-W; similarity implies
whether d; and d; are in close proximity, while the A;-A; similarity indicates whether
d; and d; are taking consistent movements, such as handshakes. Next, the W;-W;
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similarity and A;-A; similarity are fused to estimate the cyber distance between d;
and dj.

This work leverages the proposed cyber distance to check whether users are
"physically separate" or "physically non-separate’, that is a significant use case for
mobility analysis. In this work, a shorter cyber distance between d; and d; implies
that d; and d; are "physically non-separate" (i.e., not social distancing), and a
larger cyber distance indicates that d; and d; are "physically separate" (i.e., social
distancing), as shown in Fig. 1.5.

3.1.1 System Overview

The system designed in this work is composed of the following four phases: 1)
collection of sensing data, 2) creation of multi-modal signatures, 3) computation of
cyber-world distances, and 4) detection algorithm, as shown in Fig. 3.1.
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. . . . RISI
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Figure 3.1: An overview of the proposed system.

In the first phase, the mobile sensing application captures ambient Wi-Fi APs and
records accelerations from the smartphone’s built-in IMU sensor. The collected Wi-
Fi data includes the unique identifier of each detected AP and its corresponding RSS
measurement. To address privacy concerns, this work employs a data anonymization
mechanism, namely the SHA3-256 hashing algorithm [LFZ-+16], to anonymize
the IDs of Wi-Fi APs and users’ devices. In addition, data collection is strictly
permission-based, and sensing begins only after users install the application and
provide explicit consent. Therefore, each user is associated with a unique ID, and
all collected Wi-Fi and sensor samples are tagged with both this user ID and a
timestamp. All data collected in this phase are forwarded to the second phase,
where multi-modal signatures are created. Here, the Wi-Fi measurements and IMU
accelerations collected by each user over time are transformed into mobility signatures
and movement signatures. Since these multi-modal signatures are sequentially
continuous, they are regarded as the user’s mobility trajectory during that period.
In the third phase, the system computes the cyber-world distance between different
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users by quantifying the similarity of their mobility trajectories. In the final phase, the
detection algorithm determines whether users are "physically separate" or "physically
non-separate" based on the computed cyber distance.

3.2 Creation of Multi-modal Signatures

3.2.1 Creation of Mobility Signatures

This section introduces the technical details of creating mobility signatures for the
collected Wi-Fi data. The key principle behind the creation of mobility signatures
is to assign greater weights to important APs and lower weights to less important
APs. In this work, the AP’s importance is given based on their RSS values. When
a user detects an AP with a strong RSS, it means the AP is in closer proximity to
the user, the probability of LOS is higher, and the impact of signal fading is lower.
Therefore, giving more attention to these APs with higher RSS values can effectively
reduce the uncertainty in the collected Wi-Fi data.

Assuming that w;(k) is the Wi-Fi data collected at the k-th scan, a mobility
signature is created for w;(k) by assigning non-negative weights to the APs detected
in w; (k). We denote by @;(k) = {(c1,71,01), (c2,72,02),...,(c;,r1,07),...} the cre-
ated mobility signature, where any AP (AP-l) in @;(k) can be represented by a
3-tuples list (¢, 77, 07), i.e., a list containing the MAC address ¢;, the RSS value 7,
and the weight o to be assigned for AP-I. Note that, all APs in @;(k) are sorted by
their RSS values, i.e., r1 <r9 <, ...,< 1. The weight o; assigned to AP-[ is computed
according to Eq. (3.1) and Eq. (3.2), the key idea of that is to progressively reduce
the importance level of each AP.

R(I+1)=R(l) -~ ;””, I=1,..., |wi(k)|-1, (3.1)

R(1)+ R(2)+,...,+R(lw;(k)|) = 1. (3.2)

As an example, the importance level of AP-1, denoted by R(1), is the strongest

in @; (k) because AP-1 has the strongest RSS after sorting. Next, the importance

=72

level of AP-2, denoted by R(2), can be represented by subtracting from

R(1) according to Eq. (3.1), where r; —ry describes the RSS correlation between
AP-1 and AP-2 and &, is the empirically determined decreasing rate. In this way,
the importance level of any AP can be represented by R(1) if the RSS correlation
between AP-1 and this AP is found by recursively executing Eq. (3.1). Subsequently,
R(1) is obtained by substituting the importance level of each AP into Eq. (3.2),
and R(2),R(3),...,R(l),... can be also obtained by substituting the computed R(1)
into Eq. (3.1). Finally, the weight assigned to each AP is given by converting the
importance level of each AP to non-negative value, as shown by o; = max{R(l),0}, [ =
L.y lwi(B)|.
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An illustrative example of the creation of mobility signatures is presented in
Fig. 3.2(a). As can be seen, eight Wi-Fi APs are detected at the first Wi-Fi
measurements w;(1). To transform w;(1) to its mobility signature w;(1), weights
need to be assigned to the eight APs based on their RSS. To this end, the importance

level of each AP is first represented with R(1) based on Eq. (3.1), e.g., R(2) = R(1)-
-60dB) - (-66dB -60dB) - (-66dB -66dB) — (-69dB
(C6045) ~ COBIB) sy gy COVE) ~ CO0E) _(-60d) ~(-6905)
and so onl.u Next, R(1) = 0.30 can be computedwwhen R(2),R(3),...,ﬁ(l),... are
substituted into Eq. (3.2). Finally, the weights for the eight Wi-Fi APs are computed
as o1 = 0.30, 9 = 0.23, 03 = 0.19, &4 = 0.09, o5 = 0.09, 76 = 0.06, o7 = 0.03, o5 = 0.01,

based on the computed R(1) and Eq. (3.1).

3.2.2 Creation of Movement Signatures

The key to generating movement signatures is to model human motion in both
time and frequency domains, which can be implemented by initially processing
the collected acceleration data. Given A; = {(xz;(k),v:(k), z;(k))|k > 0} collected by
d; during a certain time interval, the accelerations are converted into Zii, = (@;, al),
where ¢; = {b;(p)|p € [0, Fraz]} is the movement signature in the frequency domain
and 0; = {@;(k)|k > 0} represents the movement signature in the time domain. In this
case, @;(k) is the filtered acceleration of k-th raw accelerometer measurement, and
bi(p) is the magnitude in frequency p € [0, Fnqz] after applying the FAST FOURIER
TRANSFORM (FFT) to 0;. In this work, Fynes is set to 10 Hz because the frequency
of human motions is generally less than 10 Hz [MA15].

To create @;, the resultant acceleration of each sensor measurement is calcu-
lated by a;(k) = \/x; (k)2 +yi(k)% + z;(k)2. Next, noises are removed by applying a
moving average filter to {a;(1),a;(2),...,}. As a result, @;(k) = ﬁ YH ja(k-n)
is obtained, where H represents the sliding window length for smoothing adjacent
resultant accelerations. Note that the selection of H depends on both the Fi,,, and
the sampling frequency 1/7.

Subsequently, we create the frequency-domain movement signature b; by applying
the FFT to 6. Essentially, the information contained in the frequency-domain ;5,
is the same as the time-domain 6;. The reason of considering the information
in the frequency domain lies in, high-frequency and short noises generated by
human motions can be easily observed and filtered out. Therefore, we utilize the
frequency-domain ;51 to compute the similarity between movement signatures.

3.3 Quantification of Cyber Distances

Given two users d; and dj, the proposed system respectively quantifies the cyber
distances between their mobility signatures and movement signatures. The cyber
distance between users’ mobility signatures is analyzed from two points of view:
inter-similarity between their mobility signatures and self-similarity along individual
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(a) Inter-similarity between d; and d;.
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(b) Self-similarity for each device.

Figure 3.2: Examples of mobility similarity: (a) inter-similarity between two
devices’ mobility trajectories, and (b) self-similarity along individual
mobility trajectories.
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mobility signatures. The inter-similarity quantifies the resemblance between two
sequences of mobility signatures along d;’s and d;’s mobility trajectories. The
self-similarity evaluates the stability of each individual’s mobility and network
conditions in the environment along individual mobility trajectory. On the other
hand, the cyber distance between their movement signatures is computed to assess
the microscopic similarity made by body motions.

3.3.1 Inter-similarity between Mobility Signatures

The key idea of computing inter-similarity between mobility signatures observed by
two devices is to analyze their overlapping Wi-Fi APs and associated weights. To
this end, a similarity score is first defined for each pair of mobility signatures. Next,
given two time-series sequences of consecutive mobility signatures observed by d;
and d; over a time interval I, a DTW-based algorithm is introduced to quantify
their inter-similarity based on the RSS correlation. The goal of this algorithm is
to match the mobility signatures collected by d; and d; such that the accumulated
similarity score is maximized.

Definition 1. (Similarity score of a pair of mobility signatures) Given @;(k) and
w;j(k"), the similarity score between the two mobility signatures is defined by

S(@i(k), @; (k")) =

>, min{Y(c, @i(k)), T (e, @;(K'))}, (3.3)
e M(T@i (k))

where M(@;(k)) is the set of BSSIDs in the mobility signature @;(k). Here,
Y (¢, w;(k)) is a function to extract the weight of a given key BSSID ¢; from w;(k),
which is defined as:

or , if (¢, 7, 00) € Wi (k);

T (e, Wi(k)) = { (3.4)

0 , otherwise.

Fig. 3.2 (a) shows an example of two devices’ mobility signatures along their mobility
trajectories, where S(@;(2),@;(1)) = 0.33+0.16+0.14+0.09+0.02+0+0.04+0.01+0 =
0.79.

Next, given two time-series sequences of consecutive mobility signatures observed
by d; and d; during a time interval I, denoted by W; = {@;(1),@;(2),...,} and
Wj ={w;(1),@;(2),...,}, the inter-similarity quantification algorithm is devised to
measure the resemblance between them. Here, W, and Wj are also referred to as
the mobility trajectories of d; and d;, respectively. The pseudo code for evaluating
the inter-similarity between W; and W]- is shown in Algorithm 1.

Initially, a |Wl| X |W]| zero matrix, denoted by D, is initialized for keeping pairwise
similarity scores between mobility signatures. In addition, a [W;| x |W]| zero matrix,
denoted by G, is initialized to iteratively search for the optimal matching between
d;’s mobility signatures and d;’s mobility signatures, where the optimal matching
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results in the maximal accumulation of similarity scores along the two sequences W,
and Wj. Then, each entry D(p,q) in the matrix is updated by the similarity score
between @;(p) and @;(q) using Eq. (3.3). Afterwards, all entries in G are recursively
updated by examining all possibilities of matching pairs starting with G(1,1) and
propagating to all entries in G. Thus, the entries in the first column and the first
row in the matrix G are first recursively updated. Here, each entry G(p,q) indicates
the maximal accumulation of similarity scores along the best matching path so
far. Thus, G(p, q) is updated by choosing the maximal accumulation of similarity
scores from the enumerated three possibilities in the neighboring entries and the
diagonal entry. Finally, the optimal matching path with the maximal accumulation
of similarity scores G(|W;|,|W,]) is found. The maximal accumulation of similarity
scores is further normalized. Then, the algorithm outputs the @(Wi,wj) that is
the inter-similarity between W; and Wj.

W) WD W3 W WS W) W) WB) WA WAS)
wil) 1074 | 0.76 | 0.69 | 0.77 | 0.76 wil) 148 | 2.24 | 293|370 | 446
Wi 10.790.73 [ 0.76 | 0.78 | 0.77 wi2) 237-»3.00-»3.7@»4.;4 531
W,3) | 0.77 | 0.76 | 0.74 | 0.77 | 0.76 w(3) | 3.04 | 3.80 | 4.54 5.33-»6.09
(a) The matrix of similarity scores. (b) The optimal matching path between
mobility signatures.

Figure 3.3: An example of inter-similarity computation.

Fig. 3.3 gives an example of inter-similarity quantification for the two devices
in Fig. 3.2(a). The matrix D with the pairwise similarity scores between two
sequences of mobility signatures is shown in Fig. 3.3(a). As shown in Fig. 3.3(b),
initially, G(1,1) =2 x S(@;(1),@;(1)) =2 x0.74. In this example, numbers in all
entries are rounded to two decimal places. After the first column and the first row are
updated, G(2,2) = max{2.24 + 0.73,2.27 + 0.73,1.48 + 2 x 0.73}= 2.27 + 0.73 = 3.00
is recursively updated. Similarly, all entries in the matrix G are updated, where
each entry maintains the maximal accumulation of similarity scores so far among
the three possibilities. So, the optimal matching path (shown in bold) is found by
backtracking from the maximal accumulation of similarity scores G(3,5) = 6.09 to
G(1,1) = 1.48. The corresponding matching between mobility signatures of the two
devices along the optimal matching path is shown with double arrows in Fig. 3.2(a),
where @;(1) is matched with @;(1) and @;(2), and @;(2) is only matched with
@;(2). Finally, the inter-similarity is ®(W;, W;) = %.

Compared with other trajectory matching methods, such as Levenshtein distance,
Fréchet distance, and Euclidean distance [DL18], the DTW-based Algorithm 1
can more effectively match asynchronously collected sequences. This is because
the mobility trajectories W, and Wj may be collected at different timestamps
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Algorithm 1: Inter-similarity Quantification (Wz,W])

Input : W, Mobility signatures collected by device d;;
Wj: Mobility signatures collected by device d;;
Output : (W;, W,)
1 //Initialization:

N

// A [W,| x |W;| matrix is initialized for keeping pairwise similarity scores.

8 D < O,y |

4 // A |W;| x |W;| matrix is initialized for tracking the best matching path.
5 G < Oy,

6 //Compute similarity scores:

7 for p from 1 to W, do

8 for ¢ from 1 to |W;| do

0 L | D(p.q) < S(@i(p), @;(q)) // using Eq. (3.3).

10 //Update optimal match between two time-series sequences:
11 //Start the calculation with G(1,1).

12 G(1,1) « 2x S(w;(1),@;(1));

13 // Calculate the first column.

14 for p from 2 to |[W;| do

15 | G(p,1) < G(p—1,1) + S(@i(p), @;(1));
16 // Calculate the first row.

17 for ¢ from 2 to [W,| do

18 | G(Lq) < G(l,q-1)+S(@(1),@;(q));
19 for p from 2 to |[W,| do

20 for ¢ from 2 to [W,| do

21 vertical < G(p-1,q) + S(W;(p), W;(q));

22 horizontal « G(p,q—1) + S(@W;(p),@W;(q));

23 diagonal « G(p-1,q-1) +2xS(w;(p), w;(q));
24 G(p, q) < max{vertical, horizontal,diagonal };

25 //Normalization: @(Wi,wg‘) « G(|Wz|v |WJ|)/(|W’L| + |WJ|)7
26 return @(Wi,wj);

and sampling rates, d;’s sensing period may not align with d;’s sensing period
during interval I. The proposed Algorithm 1 is designed based on DTW, which
nonlinearly warps the time axes of W; and Wj to find their optimal alignment, thereby
capturing the actual temporal relations between the two mobility trajectories despite
asynchronous sampling. In contrast, the Levenshtein distance matches trajectories
through edit operations, but it cannot capture the temporal correlations between
mobility signatures. The Fréchet distance matches trajectories based on geometric
similarity, yet modeling geometric relations between mobility signatures is difficult
because each signature contains multi-dimensional information such as BSSID, RSSI,
and AP weights. The Euclidean distance performs pointwise comparisons, but
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even subtle temporal misalignment can significantly distort the computed distance,
leading to unreliable matching results.

3.3.2 Self-Similarity of Mobility Signatures

Since movement signatures on each individual’s mobility trajectory are affected by
moving speed and ambient network conditions, they can provide insights into an
individual’s mobility stability and spatial features. Therefore, the self-similarity of
an individual’s mobility signature is quantified as the average similarity score of the
observed sequence of mobility signatures observed by the device.

Definition 2. (Self-similarity of individual mobility signatures) Given a sequence
of mobility signatures for d;, W; = {@;(1),@:(2),...,}, the self-similarity of W; is
defined by

i S(@(k), Tk + 1))

(3.5)

3.3.3 Similarity between Movement Signatures

Definition 3. (Movement similarity) Given two movement signatures A; = (@;, Zb;)
and A; = (0;,¢;) of d; and d;, the movement similarity between them is defined
based on the normalized root-mean-square-distance between ¢; and ¢;:

VEE Bi(p) - B;(9)2/L
Fmaac .

V(i dy) =1~ (3.6)

Movement similarity: 0.93

1 1
® ®
2 2
= 0.5 2 0.5
2 o
= b=
0 0
0o 2 4 6 8 10 0 2 4 6 8 10
Frequency (Hz) Frequency (Hz)
(a) Movement signatures of d; (b) Movement signatures of d;

Figure 3.4: Frequency-domain movement signatures of two devices when they are
making movements together.

Here, L = || = |¢;] is the length of converted accelerations over the frequency
spectrum, and Fj,q, is the maximal frequency of interest depending on the frequency
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of human motions. Fig. 3.4 demonstrates that the movement signatures of d; and d;
over the frequency spectrum are highly similar to each other when they are making
movements together. The movement similarity between them is W¢(¢;, ¢;) = 0.93.

3.4 Cyber-physical Social Distancing

3.4.1 Detection Algorithm

The detection algorithm is devised to determine whether or not two devices are physi-
cally non-separate based on the mobility similarity obtained from Wi-Fi data and the
movement similarity derived from accelerations. Given (W;,A;) and (W;,A;) col-
lected by d; and d;, their mobility signatures, W, and W], and movement signatures,
A; and AJ, can be created using the proposed approaches in Section 3.2. Then, their
mobility similarity is computed from two perspectives: inter-similarity @(Wz, Wj)
using Algorithm 1 and their self-similarities Q(W;) and Q(WJ) using Eq. (3.5). In ad-
dition, their movement similarity ¥ f(%, %) is computed using Eq. (3.6). Therefore,
the inputs of the detection algorithm including their inter-similarity, self-similarities,
and movement similarity are previously calculated for making a binary decision on
the relationship of the two devices. Let V(d;,d;) denote the result decided by the
algorithm, where V(d;,d;) = "separate” indicates a physically separate status ("sep-
arate" for short), and V(d;,d;) = non — separate indicates a physically non-separate
status ("non-separate" for short). Initially, V(d;,d;) = separate.

The sensor-based movement similarity is first examined to trigger the follow-
ing examination of Wi-Fi-based similarity metrics. If ¥ f(;zgi, (?;]) > 7, then their
self-similarities are further checked to examine the mobility stability and spatial
characteristics. Otherwise, the algorithm terminates. Here, the 7 is a predefined
threshold of movement similarity. Since a higher movement similarity is most likely
resulting from close physical contact, the algorithm further checks the ratio of

min{Q(W,),Q(W,)} 3 min{Q(W;),Q(W;)}
TG AYTUA based on their self-similarities. If e (2 (00:) (T )}

inter-similarity between them is further examined. In this case, it implies that the two

> 75, then the

devices have similar mobility stability or spatial characteristics resulting from similar
network conditions in their environments. Otherwise, the algorithm terminates.
Here, 75 is a predefined threshold for self-similarity. When the algorithm further
examines their inter-similarity, if ®(W;, W;) > ;, then V(d;, d;) = non - separate is
set. Otherwise, the algorithm terminates with the initial V(d;, d;) = separate.

3.4.2 Complexity of the Detection Algorithm

Given (W;, A;) and (W;,A;) collected by two devices d; and dj, the computational
complexity of the detection algorithm is analyzed in this section. We denote by
M = max{|W;|,|W;|} the maximal number of Wi-Fi measurements collected by a
device within a certain time interval, and denote by N the maximal number of
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Wi-Fi APs observed during a scan. We denote by J the number of accelerations
within a certain time interval.

Time complexity of signature creation: For each Wi-Fi scan, the RSS of ob-
served Wi-Fi APs are first sorted in O(Nlog N). Next, assigning non-negative
weights takes O(N) by checking the entire list. Therefore, creating a mobility
signature (in Section 3.2.1) takes O(Nlog N + N) = O(Nlog N). Given Wi-Fi mea-
surements collected by two devices d; and d; during a time interval, which takes
O((N log N) x 2M) = O(MN log N) to create their corresponding signatures W; and
W On the other hand, given A;, creating the time-domain movement signature 6,
requires O(J) for computing the resultant accelerations and the subsequent filtering,
and it further takes O(JlogJ) for the FFT to convert the time-domain movement
signature to the frequency-domain movement signature 51 So, creating a movement
signature A; = (6;,¢;) (in Section 3.2.2) takes O(J) + O(JlogJ) = O(Jlog.J). It
totally takes O(2 x Jlog J) = O(JlogJ) to create the movement signatures A; and
,&j for two devices. As a result, the overall complexity for creating the mobility
signatures and movement signatures is O(M N log N) + O(J log J).

Time complexity of cyber distance computation: Initially, computing the inter-
similarity based on Algorithm 1 takes O(M?N?), where O(M?N?) is required to
compute pairwise similarity scores and O(M?) is necessary for updating the optimal
match between two time-series sequences. Here, computing a similarity score for
each pair of mobility signatures based on Eq. (3.3) takes O(N?) to cross-check all
possible combinations of Wi-Fi APs in the two mobility signatures, and there are
totally O(M?) pairs to compute their similarity scores. Next, O(M?) combinations
between the two devices’ mobility signatures are checked to find the optimal matching
path. Subsequently, the computation of the self-similarity for each device (in
Section 3.3.2) takes O(M N?) including O(N?) for computing a similarity score of
any two consecutive mobility signatures of this device and O(M) for accumulating
them by examining the entire list. For two devices, it requires O(2M N?) = O(M N?)
to compute their self-similarities. Consequently, the overall complexity for computing
the mobility similarity is O(M2N?) + O(MN?) = O(M?N?). On the other hand,
the complexity for computing movement similarity between the two devices based on
Eq. (3.6) is O(J). Overall, it costs O(M2N? + J) for cyber distance computation.

Time complexity of the detection algorithm: As all inputs to the detection
algorithm have been computed (in Algorithm 1, Section 3.3.2, and Section 3.3.3),
the time complexity is already included in the previous analyses. Therefore, the
detection algorithm only takes O(1) to check the mobility similarity and movement
similarity for making a decision based on the pre-defined threshold.

Total complezity: Overall, creating mobility and movement signatures takes
O(MNlog N)+O(Jlog.J) in total, computing cyber distances takes O(M2N? +.J),
and decision-making takes only O(1). So, its cost is O(MNlog N)+ O(JlogJ) +
O(M?N? +.J)+0(1) = O(M?N? + Jlog J). In general, M is limited by the fixed
time interval I and Wi-Fi scanning frequency, N is influenced by the communication
range of the Wi-Fi APs and the network condition in the environment, and J is
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determined by the sampling frequency of the acceleration. The proposed system
set I to 6 seconds and the scanning frequency not greater than 1 Hz. Therefore,
M is limited to a very small number. In addition, N is also a small number since
the number of Wi-Fi APs in an environment even with dense networks is roughly
less than 25 based on our observations in experiments. The sampling frequency of
accelerations has to be greater than 2F,,,, = 20 Hz (i.e., twice the highest frequency
of human motions) to eliminate aliasing according to the Nyquist Shannon sampling
theorem. Therefore, J = 120 is the lower bound for a time interval of 6 seconds. The
value of J is a small number in our system (with a sampling frequency of 50 Hz).
Therefore, real-time applications can be supported in our proposed system because
of the low computational complexity.

3.5 Implementation and Demonstration

This work implements a mobile application for data collection, where the Wi-Fi
scanning period is set to T, = 1 second and the acceleration sampling period is
set to T, = 1/50 second. The time interval considered by the detection algorithm
is I = 6 seconds. The maximum frequency of human motion is considered to be
Firae = 10 Hz. Based on the cut-off frequency Fi,.. and the sampling frequency
1/Ty, the default value of H for the moving average filter in Section 3.2.2 and the
default value of L for the calculation of the movement similarity in Eq. (3.6) are
selected according to the principles in [YouOl]. Therefore, H = 22 and L = 50 are
set. The thresholds 74 = 0.76, 75, = 0.4, and 7; = 0.6 in the detection algorithm are
set empirically.

The user interface of the proposed system is presented in Fig. 3.5, where the result
of the real-time detection and its corresponding mobility similarity and movement
similarity between two users are demonstrated. When the two users are physically
non-separate, a warning alarm is given. This snapshot shows the result when the
two users are keeping static in two different rooms. As shown in this figure, a
conclusion is given by the system that they are "physically separate" due to a small
inter-similarity. As the two users are static, the values of their self-similarity are
similar to each other and very stable. The movement similarity is large also because
of the static status.

3.6 Experiments and Evaluation

In this section, we conduct extensive experiments in two small-scale environments
and a large-scale environment. In addition, comprehensive 2D and 3D mobility
datasets are both utilized to provide in-depth analysis. In small-scale environments,
the Wi-Fi network conditions (i.e., detectable Wi-Fi APs) along trajectories does
not change too much because users’ trajectories are limited by the sizes of the
environments. In the large-scale environment, users move along longer trajectories,
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Figure 3.5: The user interface of the proposed system.

through sparse and dense networks, with significant spatial transitions. In small-scale
environments, two devices are placed in the same person’s backpack to verify a
more restrictive non-separate scenario, where they actually move together on the
same mobile entity. Next, we conduct experiments in the large environment to
verify the robustness of our design, which is not affected by the wearing position.
Furthermore, multiple users change their relationships from separate to non-separate
and device carrying positions while taking diverse trajectories between different
areas. In this case, our mobility similarity metrics is first compared against the
metric proposed in [HS19]. Afterwards, we analyze timeliness in indicating proximity
levels, combinations of similarity metrics, parameter selection, and cost of energy and
communications through comprehensive experiments in the large-scale environment.
Finally, extensive mobility datasets are utilized to conduct statistical analysis of
synchronicity between cyber and physical distances.

3.6.1 Small-scale Environments and Mobility Scenarios

First, Fig. 3.6 presents two indoor environments with completely different Wi-Fi
network conditions, i.e., the faculty library and the private apartment, where the
preliminary experiments are conducted. In the faculty library, more than 15 Wi-Fi
APs are detectable. In the private apartment, only less than 10 Wi-Fi APs can be
observed. Moreover, due to the higher crowd density and more dynamic human
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(a) Faculty library. (b) Private apartment.
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Figure 3.6: Two small-scale experiments.

mobility, the Wi-Fi signal in the university library changes more significantly than
in the private apartment.

In the two environment, two mobile devices simulate four mobility scenarios to
for the experiments, as shown in Fig. 3.7. We pre-select positions A and B, which
are located in opposite corners and a long way apart in both environments. The two
devices can therefore move along a straight line in the university library or along a
meandering path through several small rooms in the private apartment. The two
devices simulate each of the following scenarios shown in Fig. 3.7.

(1) Scenario 1: Two devices, d; and d;, are placed side by side at Position A statically.
In this case, the two devices are considered as non-separate.

(2) Scenario 2: Device d; is statically placed at Position A, while device d; is statically
placed at Position B. In this case, the two devices are considered as separate.

(3) Scenario 3: The two devices d; and d; are carried by the same person, moving
back and forth between Position A and Position B. In this case, the two devices
are considered as non-separate.
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(4) Scenario 4: Device d; is stationary at Position A, while device d; is carried by a
person moving back and forth between Position A and Position B. In this case,
the two devices are occasionally separate and occasionally non-separate.

The detection algorithm is continuously executed for 200 seconds in each scenario.
The detection results are compared with the ground truth in the four scenarios to
preliminarily analyze the performance of our system.
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Figure 3.7: Three mobility scenarios of the two devices.

3.6.2 Performance Metrics

The following metrics are proposed to evaluate the performance of the proposed
system. A true positive result refers to two non-separate devices being detected as
non-separate, while a true negative result refers to two separate devices being detected
as separate. Similarly, a false positive result refers to two separate devices being
detected as non-separate, whereas a false negative result refers to two non-separate
devices being detected as separate. We denote by TP, T'N, F P, and F'N the number
of true positive results, the number of true negative results, the number of false
positive results, and the number of false negative results respectively. Therefore, the

sensitivity, specificity, and accuracy can be defined as follows: sensitivity = %,

.p. .. TN _ TP+TN el . . o1
specificity = mxpp, and accuracy = e ppipN - Sensitivity is the ability to
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correctly identify two non-separate devices. Specificity is the ability to correctly
identify two separate devices. Accuracy is the ability to correctly identify the
relationship between two devices.

To further study the impact of different mobility trajectories on system perfor-
mance, the detection error rate for each mobility scenario is defined as the ratio
of the number of incorrect detection results to the total number of tests in each
scenario.

3.6.3 Effects of Mobility Trajectories

The experimental results of the detection error rates in the four mobility scenarios
are shown in Fig. 3.8. When two devices are static in Scenario 1 and Scenario 2,
the detection error rates are very low in both two environments. Fig. 3.8(a) shows
that when the two devices dynamically take mobility trajectories in the library, the
detection error rate slightly increases in Scenario 3. A larger increase in the detection
error rate for Scenario 3 in the private apartment is presented in Fig. 3.8(b), because
the person moving along a winding route through several small rooms may cause
greater interference to the propagation of the Wi-Fi signal in such a small apartment.
The influence of human mobility on signal propagation also can be seen in static
scenarios in Fig. 3.8(b), where sparser crowds and less dynamic human mobility in
the apartment result in lower detection error rates in comparison to static scenarios
in the library.
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(a) Results in the library. (b) Results in the apartment.

Figure 3.8: Detection error rates with different mobility trajectories.

3.6.4 Analyses of Device-to-Device Cyber Distances

In this part, we further explore the advantages of the proposed cyber distances
and analyze how these advantages facilitate a more reliable detection. First, the
device-to-device (D2D) mobility similarity and movement similarity in the faculty
library with denser networks are investigated. Next, the performance in the two
extremely different environments in terms of network density, crowd sizes, mobility
dynamics, and space sizes are compared. Finally, the effectiveness and importance of
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the proposed movement similarity is also analyzed when the two users have physical
contact, i.e., social handshakes.

Effectiveness of D2D Cyber Distances

First, the mobility similarity between the two devices from inter-similarity and
self-similarity perspectives is explored. Next, we study the movement similarity
between them.
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Figure 3.9: Inter-similarity between d; and d; in the library and apartment.

The inter-similarities between d; and d; in Scenario 1, Scenario 2, Scenario 3, and
Scenario 4 in two small-scale environments are shown in Fig. 3.9. In the non-separate
scenarios (e.g., Scenarios 1 and Scenarios 3), the inter-similarity between d; and d;
is significantly larger than the inter-similarity in the separate scenario, i.e., Scenario
2. As can be seen, the proposed inter-similarity offers informative insights for
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distinguishing between non-separate and separate correlations between devices, even
in dynamic Scenario 3. More interesting things occur in Scenario 4, where d; moves
back and forth between two locations while d; stays in the same location all the time.
Fig. 3.9(g) and Fig. 3.9(h) vividly characterize this scenario through inter-similarity.
When d; is moving away from device d;, their inter-similarity becomes low, when d;
is moving closer to d;, their inter-similarity immediately increases.

The individual self-similarity is further investigated on each device’s mobility
stability. Fig. 3.10(a) to Fig. 3.10(d) presents the self-similarity of each device in
static scenarios (e.g., Scenario 1 and Scenario 2), since all devices are statically
placed, their self-similarities are more stable compared to the results in the dynamic
Scenario 3, as shown in Fig. 3.10(e) and Fig. 3.10(f). In Scenario 4, the self-similarity
of one device is relatively stable while the self-similarity of the other device fluctuates,
because one device is always moving while the other device is always stationary, as
shown in Fig. 3.10(g) and Fig. 3.10(h). The proposed self-similarity explicitly reveals
the changes of mobility signatures with the moving speeds of devices. Specifically,
this metric helps understand the spatial transitions taken by each individual device.

Finally, the movement similarity between the two devices is explored. As can be
seen in Fig. 3.11(a), because d; and d; are static and non-separate in Scenario 1, the
movement similarity between them is ¥ f(ai, ¢;) = 1. Similar result can be found in
Fig. 3.11(b) when the two devices are static and separate in Scenario 2. As shown in
Fig. 3.11(c), when the two devices are non-separate and moving together in Scenario
3, their movement similarity is very high. The movement similarity in Scenario
4 exhibits a similar pattern to that in Scenario 3, except that the fluctuations in
Scenario 4 are slightly larger, as shown in Fig. 3.11(d). This is because the movement
statuses of d; and d; differ more in Scenario 4.

D2D Cyber Distances in Different Environments

Next, the impact of different environments on the performance of the proposed
system is further investigated. Because the experimental results of mobility similarity
and movement similarity in the library and in the apartment are similar, the inter-
similarities in the two environments are presented that show a significant impact of
environmental conditions. Compared to the static scenarios in the library shown in
Fig. 3.9(a) and Fig. 3.9(c), the inter-similarities in static scenarios in the apartment
are smoother as shown in Fig. 3.9(b) and Fig. 3.9(d). This is because less human
mobility in the apartment creates less noise in the environment, leading to better
performance in static Scenario 1 and Scenario 2, as shown in Table 3.1. When
the two devices are moving together passing through several rooms in the smaller
apartment, Fig. 3.9(f) shows stronger variations in inter-similarity in comparison to
Fig. 3.9(e) in the library. This is because the size of the apartment is smaller and
the moving trajectory is not a simple straight line. Signal fading in the apartment
is relatively severe, leading to the worse performance of 83.75% in the dynamic
Scenario 3.
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Figure 3.10: Self-similarity of each device in the library.

D2D Cyber Distances with Social Handshakes

Further experiments are conducted to investigate how the movement similarity
between two users reflects the social handshake behavior. In this experiment, the
two users wear the device on their wrists and shake hands for a certain period of
time. As can be seen in Fig. 3.12, the movement similarity in a handshaking case
is significantly higher than that in a non-handshaking case. It can be concluded
that the proposed metrics are capable of measuring the differences in not only
macroscopic mobility along moving trajectories but also the microscopic movements
caused by physical contact.
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Figure 3.11: Movement similarity between d; and d; in the library.

Table 3.1: Performance comparison in two small-scale environments.

Sensitivity Specificity
- - - Accuracy
Scenario 1 | Scenario 3 | Scenario 2
Library 99.58% 97.92% 98.75% 98.75%
Apartment | 100.00% 83.75% 100.00% 94.45%

3.6.5 Advanced Study in a Large-Scale Environment
Setup with Multiple Devices and Diverse Trajectories

In this section, advanced experiments involving multiple devices and diverse trajec-
tories in a large-scale environment are conducted to further validate the scalability
and flexibility of the proposed metrics and our system. As shown in Fig. 3.13,
the environment includes several office rooms on the left-hand side and student
labs on the right-hand side, collectively accommodating more than 20 people. The
crowd density and Wi-Fi network deployment on the left-hand side are relatively
sparse, whereas the right-hand side experiences more human mobility and a higher
density of Wi-Fi networks due to room usage. Consequently, the RSS values on the
left-hand side are typically weaker than -55 dB, while those on the right-hand side
are generally stronger than -35 dB.

Compared with the experiments in the small-scale environments, the advanced
experiments involve more diverse mobility trajectories that traverse areas with vary-
ing crowd densities and Wi-Fi network deployments. One-hour statistics collected in
these multi-storey environments show that the average numbers of detectable Wi-Fi
APs are 10.3 in the private apartment, 17.4 in the library, 8.1 in the left corridor of
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Figure 3.13: The floor plan of the large-scale environment.

the large-scale environment, and 18.8 in the right corridor. Five different brands
of devices are used to verify the flexibility of our method. Three positions (A, B,
and C), shown in Fig. 3.13, are selected to construct diverse trajectories and are
located in front of Room R1, Room R4, and Room R7, respectively, with 10 meters
between A and B and between B and C. Two round-trip trajectories are considered:
Trajectory 1 between A and B, and Trajectory 2 between B and C. When users
arrive at any start or destination position, they stop for a few seconds to record
the ground truth positions via the mobile user interface and then continue moving.
The entire experiment lasts 1500 seconds. During the first 900 seconds, devices dy
and do are held by two users walking along trajectories 1 and 2, respectively, while
swinging their arms naturally. After 900 seconds, the two users meet at Position
B and device ds is handed to the user carrying d;, after which both devices are
placed in the user’s palms and move together along Trajectory 1 until the end of
the experiment. Throughout the experiment, devices d4 and ds remain static at
Position C, and device d3 remains static at Position B.
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Performance Comparisons in Complex Scenarios

We compare the proposed similarity metrics against the co-flow similarity proposed in
[HS19] (denoted as “co-flow”), which combines the Tanimoto similarity, Adamic-Adar
similarity, and D'TW-based similarity for group detection using Wi-Fi data. Fig. 3.14
presents both the overall detection performance and a comprehensive analysis across
multiple mobility scenarios. The dynamic scenario refers to cases where both devices
in a pair are moving, including separate and non-separate situations. The static
scenario refers to cases where both devices remain stationary. The hybrid scenario
refers to cases where one device is moving while the other is static.
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e 1 =
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0.5 | 0.5
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Figure 3.14: Comprehensive analyses of our similarity metrics vs. co-flow similarity
metrics.

As shown in Fig. 3.14(a), when both the Wi-Fi-based mobility similarity and the
sensor-based movement similarity are used, our approach achieves consistently high
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sensitivity, specificity, and accuracy across diverse and complex mobility scenarios.
The average sensitivity of 97.45% indicates that our approach correctly identifies
non-separate cases in 97.45% of the instances where the two devices are indeed
non-separate. The average specificity of 99.13% indicates that separate cases are
correctly identified in 99.13% of the instances where the devices are actually separate.
The average accuracy of 98.41% further demonstrates that our approach remains
robust against variations in environmental conditions and human mobility. When
devices are moving (i.e., in the dynamic and hybrid scenarios), the performance
slightly decreases. As shown in Fig. 3.14(b) and Fig. 3.14(d), the dynamic scenario
yields a sensitivity of 96.55%, a specificity of 100.00%, and an accuracy of 97.92%,
while the hybrid scenario yields a sensitivity of 96.02%, a specificity of 98.67%, and
an accuracy of 97.74%. By contrast, Fig. 3.14(c) shows that in the static scenario,
our approach correctly identifies all non-separate and separate cases, owing to the
reduced variability in both network conditions and human movement.

When only the Wi-Fi-based mobility similarity is used, Fig. 3.14(a) shows
that our approach still outperforms co-flow, where the sensitivity, specificity, and
accuracy of co-flow are 79.63%, 87.33%, and 84.03%, respectively. The specificity
and accuracy of our method decrease slightly to 95.14% and 96.13%, while the
sensitivity remains unchanged. This is because Wi-Fi data alone cannot reliably
distinguish some separate cases in dynamic and hybrid scenarios, where device
states fluctuate due to small-scale body motions or changes in carrying positions.
Evidence of this can be seen in Fig. 3.14(b) and Fig. 3.14(d), where the specificity
and accuracy drop to 91.23% and 94.44% in the dynamic scenario and to 93.87%
and 94.62% in the hybrid scenario when only Wi-Fi-based mobility similarity is used.
In contrast, the performance in the static scenario remains unaffected, as shown in
Fig. 3.14(c), indicating that movement similarity primarily benefits non-static cases
by capturing subtle changes of device states that Wi-Fi data alone cannot, while
offering no additional value when all devices remain still. The sensitivity results of
co-flow in Fig. 3.14(b)-(d) further show that it identifies more non-separate cases
in the dynamic and static scenarios than in the hybrid scenario, achieving 85.06%
sensitivity and 86.81% accuracy in the dynamic scenario and 87.50% sensitivity
and 88.19% accuracy in the static scenario, compared to only 71.64% sensitivity
and 81.25% accuracy in the hybrid scenario. Across all scenarios, the specificity of
co-flow remains relatively stable, with 89.47% in the dynamic scenario, 88.89% in
the static scenario, and 86.40% in the hybrid scenario.

Based on the experimental results, we conclude that our metrics are more
effective in detecting social distancing, particularly when devices rapidly change
their proximity levels or carrying positions. Even when only Wi-Fi-based mobility
similarity is used, our metrics remain sensitive to dynamic changes in network
conditions. Therefore, the proposed metrics are well suited for applications that
require real-time analysis.
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Timeliness in Indicating Proximity Levels

We investigate whether cyber distances can effectively and promptly reflect relative
proximity levels, spatial differences, and transitions between spaces. To this end, we
first study the correlations between cyber distances and mobility similarities, includ-
ing both self-similarities and inter-similarities, and then evaluate their correlations
with movement similarities.

As shown in Fig. 3.15, the self-similarities of d; and ds fluctuate significantly
due to device motion, whereas the self-similarities of ds3, d4, and ds remain stable
because they are static devices. This result demonstrates that the self-similarity
metric can distinctly separate moving devices (di, d2) from stationary devices (ds,
dy, ds). For the static devices, the self-similarities also capture differences in Wi-Fi
network stability. As illustrated in Fig. 3.15(c)-(e), ds shows substantially higher
stability than d4 and ds because it is positioned in the right corridor, where more
Wi-Fi APs are deployed and their RSS values are stronger than those in the left
corridor. In conclusion, the self-similarity metric is capable of separating moving
devices from static devices and further revealing the underlying stability of wireless
network conditions that sensor data alone cannot capture.

Next, we investigate how the inter-similarity metric responds to changing spatial
conditions to evaluate its ability to indicate proximity between devices. As shown
in Fig. 3.16(a), during the first 900 seconds, the inter-similarity between d; and ds
increases as they move closer together (approaching Position B) and decreases as
they move farther apart. After 900 seconds, when ds is handed to the user carrying
d1, their inter-similarity remains consistently high because both devices follow the
same trajectory (Trajectory 1). Similar results can be observed in Fig. 3.16(f)
and Fig. 3.16(g), where the inter-similarity repeatedly rises and falls during the
first 900 seconds as do moves toward and away from the static devices d4 and ds
along Trajectory 2, and then drops sharply after 900 seconds when dy switches to
Trajectory 1 and stays far from them. Moreover, Fig. 3.16(b) and Fig. 3.16(e) show
clear round-trip patterns as both d; and ds repeatedly move toward and away from
d3, whereas the patterns in Fig. 3.16(c) and (d) are less pronounced because d;
never approaches d4 or ds, resulting in consistently low inter-similarities. Note that
the inter-similarity ranges in the first 900 seconds of Fig. 3.16(f) and Fig. 3.16(g)
are much narrower than those in Fig. 3.16(e). This case arises because d3 is located
in the right corridor, where more APs are deployed and the RSS values are generally
stronger, whereas d4 and ds are located in the left corridor with fewer APs and
weaker signals. With richer AP coverage and stronger RSS in the right corridor, the
inter-similarity metric presents larger ranges (higher peaks and lower troughs), which
makes proximity changes easier to capture. In contrast, the limited AP availability
and weaker signals in the left corridor compress the ranges, resulting in smaller
inter-similarity variations. Finally, Fig. 3.16(h)-(j) show that the inter-similarity
between d4 and d5 is substantially higher than that between d3 and ds, demonstrating
that the metric can effectively and promptly capture relative proximity levels, even
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Figure 3.15: Self-similarity of each device in the complex environment.

under dynamic spatial transitions. These diverse experimental results indicate that
pronounced round-trip patterns in inter-similarities naturally arise when two devices
repeatedly move closer together and then farther apart. This demonstrates that the
inter-similarity metric is highly sensitive to proximity fluctuations and serves as a
reliable indicator of whether two devices are in close physical proximity. Moreover,
even when devices are symmetrically positioned across a corridor (ds and ds), the
inter-similarity metric can still accurately determine whether they are co-located
within the same space.

The movement similarities are presented in Fig. 3.17. As shown in Fig. 3.17(a),
the movement similarity between d; and ds during the first 900 seconds exhibits
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Figure 3.16: Inter-similarity between devices in the complex environment.

a sharp increase whenever both users arrive at the start or destination positions
simultaneously and pause briefly to label the ground truth positions. Although
their walking speeds are not perfectly synchronized, their movements along two
equal-length trajectories remain loosely aligned. However, after 900 seconds, when
ds is passed to another user, the movement similarity between d; and do increases
significantly, reflecting their close movement synchronization. Additionally, the
variation in movement similarity narrows significantly. A similar trend is observed in
Fig. 3.17(b), Fig. 3.17(c), and Fig. 3.17(d), where the range of movement similarity
shrinks significantly after 900 seconds when d; is carried in a different way. Compa-
rable results between dy and other stationary devices are depicted in Fig. 3.17(e),
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Fig. 3.17(f), and Fig. 3.17(g). When all devices remain stationary, Fig. 3.17(h),
Fig. 3.17(i), and Fig. 3.17(j) indicate very high movement similarities. Interestingly,
even when d; and do are held steadily in a user’s palms to simulate a static state,
the movement similarity metric can still differentiate whether the devices are truly
stationary. These findings demonstrate that the movement similarity metric is highly
sensitive to changes in device status, including variations in motion and how the
devices are carried, even while in motion. This level of detail cannot be captured
using Wi-Fi-based self-similarity and inter-similarity metrics. However, when all de-
vices are stationary, the movement similarity metric alone cannot determine whether
they share the same physical space. In such cases, Wi-Fi-based self-similarity and
inter-similarity metrics become crucial for differentiation. In summary, the move-
ment similarity metric effectively detects changes in device status, particularly when
devices are in motion, regardless of how they are carried.

Combinations of Similarity Metrics and Parameters

In previous experiments, we investigate whether the proposed similarity metrics, i.e.,
inter-similarity, self-similarity, and movement similarity, can effectively and promptly
capture relative proximity levels, spatial differences, and transitions between spaces.
Accordingly, the ground truth requires only the overall movement patterns of the
devices and does not record precise arrival and departure times at specific positions.
In this section, we further evaluate how these metrics and their parameter selections
influence system performance by measuring sensitivity, specificity, and accuracy. To
achieve this, we study the correlations between the detection results of our system
and the labeled arrival and departure timestamps at designated positions. For this
purpose, we develop a mobile application to record arrival and departure times at
predefined locations in the environment. As shown in Fig. 3.18(d), each user labels
their current position by activating the corresponding button (i.e., “Position A,”
“Position B,” or “Position C”). When departing from a position, the user deactivates
the button to record the departure timestamp. When arriving at a new destination,
the user activates the respective button to log the arrival timestamp. For example,
when device d; arrives at Position A, the “Position A” button is activated to register
the arrival time, and it is deactivated when d; leaves Position A. This procedure
ensures accurate recording of all devices’ arrival and departure timestamps, allowing
us to determine the exact intervals during which a device is present at a given
position. Fig. 3.18(a) and Fig. 3.18(b) show the labeled timestamps for d; and
ds at Position A. Because the environment consists of a single straight corridor,
deactivating all position buttons indicates that the device is traveling along the
planned trajectory in the corridor. For a trajectory with two endpoints, if the
labeled arrival and departure timestamps of two devices at these endpoints are
well synchronized, the ground truth indicates that the devices are non-separate. In
Fig. 3.18(a) and Fig. 3.18(b), after 900 seconds, the arrival and departure timestamps
at Position A align perfectly for d; and ds, indicating a non-separate ground truth.
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Figure 3.17: Movement similarity between devices in the complex environment.

The corresponding detection results in Fig. 3.18(c) are consistent with this ground
truth, showing that d; and dy are detected as non-separate after 900 seconds.

We further evaluate the accuracy of our system by comparing the ground truth
with the detection results under different combinations of similarity metrics. Fig. 3.19
presents the results as the time interval I increases from 5 to 15 and 25 seconds.
When only a single metric is used, inter-similarity alone achieves the highest accuracy.
When inter-similarity and self-similarity are combined, both the accuracy and its
distribution are improved. Furthermore, incorporating movement similarity together
with inter-similarity significantly enhances accuracy compared to using either Wi-Fi-
based or sensor-based data alone. This improvement arises because Wi-Fi data and
IMU data are complementary. First, movement similarity derived from IMU data



3.6. Experiments and Evaluation 55

at A F L T . L T 2221 & A B

Crisis System

(START APP) ( WIFI STOP ) (SENSOR STOP)

not at A

Wi-Fi information:

0 271 542 813 1084 1355 1626 1897 2168
Time (seconds) 1055579477, RSSI: -63, Time: 1110 23:17:15

(a) The labeled timestamps of d1 at position A.
-348985003, RSSI: -67, Time: 11-10 23:17:15

atAf -1524302734, RSSI: -72, Time: 11-10 23:17:15

-1427265417, RSSI: -74, Time: 11-10 23:17:15

not atA 1055579476, RSSI: -75, Time: 11-10 23:17:15
0 271 542 813 1084 1355 1626 1897 2168 1426526574, RSSI: 75, Time: 1110 23:17:15
Time (seconds)
(b) The labeled timestamps of d2 at position A. Sensor information:
non- T T T T T T T X:.045626  Y:.027120  Z:.040289
separate
( POSITION A ) ( POSITION B ) ( POSITION C )
Groud truth:
separate n i n T A . R
0 271 542 813 1084 1355 1626 1897 2168 el iy £l
Time (seconds)
(c) Detection results. (d) The mobile user interface.

Figure 3.18: Validation with the correlated ground truth.

lacks explicit spatial information, and errors in location estimation may accumulate
over time without absolute position references for calibration, ultimately degrading
localization performance. Conversely, inter-similarity based on Wi-Fi data captures
transitions between spaces and provides absolute spatial information. Second, Wi-Fi
data can only provide coarse estimations of users’ mobility, as it is less sensitive to
small-scale movements or position changes. In comparison, IMU measurements can
capture fine-grained motion dynamics and subtle movement variations with higher
temporal resolution. When all similarity metrics (inter-similarity, self-similarity, and
movement similarity) are combined and a longer time interval is used, the overall
accuracy increases with the length of the time interval due to the availability of more
sensing data. In addition, the accuracy distribution becomes more concentrated,
and the average accuracy is slightly higher than that achieved by any other metric
combination. This improvement is attributed to the contribution of self-similarity,
which reflects both mobility stability and spatial characteristics, such as network
conditions, that cannot be inferred from acceleration data alone, particularly when
users remain stationary. This observation is further supported by the results shown
in Fig. 3.15(c)-(e), as discussed in Section 3.6.5.

As defined in Section 3.6.2, the sensitivity, specificity, and accuracy of our system
are computed from FP, TP, FN, and TN, which are binary results determined by pre-
defined thresholds. The threshold for each similarity metric, i.e., inter-similarity, self-
similarity, and movement similarity, is selected based on comprehensive experimental
results. We use the results in Fig. 3.20 to explain the threshold selection process.
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Figure 3.19: Accuracy of our system with different time intervals

As shown in Fig. 3.20(a)-(c), clear trade-offs between sensitivity and specificity can
be observed across all three figures, where a smaller threshold value yields higher
sensitivity but lower specificity, while a larger threshold results in lower sensitivity
but higher specificity. As explained in Section 3.6.2, sensitivity measures the ability
to correctly identify non-separate users, whereas specificity measures the ability to
correctly identify separate users. For applications where detecting non-separate users
is more critical, such as monitoring whether users are maintaining social distancing, a
smaller threshold is considered, while for applications where detecting separate users
is more important, such as determining whether group members are still moving
together, a larger threshold can be selected. Since the primary objective of this work
is to detect non-separate users, a minimum sensitivity of 0.9 is enforced to ensure
system robustness, and under this constraint the threshold is selected to maximize
specificity. Accordingly, the thresholds are set to 7; = 0.6 for inter-similarity, 75 = 0.5
for self-similarity, and 7; = 0.9 for movement similarity, as shown in Fig. 3.20(a)-(c),
respectively.

Energy and Communication Costs

The energy consumption and communication cost of our system during runtime
is further explored in this section. We consider device diversity with five different
models and operating systems in the experiments. In the experiments, our mobile
application runs continuously on these devices, collecting data iteratively over a
period of 7.5 hours. The experimental setup follows the same configuration described
in Section 3.5. All devices operate within the same room, where the number of
detectable Wi-Fi APs typically remains below 25. The collected anonymized data is
transmitted to a server via Wi-Fi networks. Table 3.2 presents the average energy
consumption per hour and the corresponding communication cost per hour, as
derived from Android APPLICATION PROGRAMMING INTERFACES (APIs). The
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Figure 3.20: The impact of different thresholds on system sensitivity, specificity
and accuracy.

estimated battery lifetime for each device is computed as the ratio of measured
energy consumption to the full battery capacity of the respective device model.
The results means that the maximum reported data size is 8.57 MB, while the
highest recorded energy consumption is approximately 3.3% of the total battery
capacity, equating to 97.16 mAh per hour. The variations in reported data sizes
across devices stem from differences in hardware driver optimizations and operating
system versions. Increasing the data collection interval I can further reduce both
energy consumption and communication costs. Overall, our approach demonstrates
energy efficiency in both sensing and data transmission, as only a minimal amount
of data is required to be reported.
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Table 3.2: Energy and communication costs for different devices.

Data size for Energy Operating
Communications Consumption System

s;r:i;rf5 7.82MB (0.58 ;m;ﬁ;mme )| Android 7.0

S;;S;jg 7.91MB (2_3;;}‘322;%6 )| Android 8.0

s;zl;;lfs 8.57MB (1‘955;'601;12}2&me )| Android 9.0

Pligalivlis 6.G9MB (2. 096;5.601;‘12;”.”16 ) Android 9.0

gi(:ﬁlg 8.38MB . 39;5' tirz}i};ime ) | Android 11.0

3.6.6 Synchronicity between Cyber and Physical distances

The effectiveness of cyber distances in representing physical distances is evaluated
based on two publicly available datasets, that include labeled coordinates collected
from multiple devices in both 2D and 3D environments. Through extensive anal-
yses, we examine the correlation between inter-similarities and physical distances
across various combinations of 2D trajectories, different trajectory lengths, and 3D
trajectories between multiple floors.

Dataset Descriptions and Statistics

Description of Dataset 1. This dataset [STJ+17] is collected on the first floor of a
university building, covering an area of 185.12 m2. The indoor environment consists
of three rooms along a 40-meter-long corridor, with a total of 127 detectable Wi-Fi
APs. This dataset contains Wi-Fi measurements taken at 324 distinct locations,
each associated with labeled coordinates, and collected using two different devices
for indoor localization, i.e., Sony Xperia M2 and LG W110G Watch R. Each device
follows a predefined trajectory across the 324 locations, capturing a Wi-Fi sample
at each point along the trajectory. Consequently, the dataset comprises a total of
628 Wi-Fi samples. Each sample records the BASIC SERVICE SET IDENTIFIERS
(BSSID) and RSS values of the Wi-Fi APs detected at the corresponding labeled
coordinate. These labeled coordinates serve as a reference for computing the physical
distances between different trajectories in our analyses. For statistical evaluation,
we randomly extract 300 sub-trajectories from each device’s trajectory. Therefore, a
total of 300 x 300 combinations of the two devices’ sub-trajectories with different
lengths (denoted by "2D mobility in Dataset 1") are obtained to conduct statistical
analyses.

Description of Dataset 2. This dataset [BCL+16] is collected in a five-story
university building comprising 822 irregular-shaped rooms. The total area of the
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five floors is 22,570 m?, where the height of each floor is 3.7 meters. This 3D dataset
includes Wi-Fi measurements collected by 21 different devices at 3842 locations
with labelled coordinates along their trajectories moving from one floor to the
others. The 21 devices are heterogeneous in terms of types, brands, models, and
operating systems. To analyze the impact of device heterogeneity, we generate
different combinations of sub-trajectories using data collected both from the same
device and from different devices. Specifically, we randomly select 300 x 300 pairs of
2D sub-trajectories,(denoted by "2D mobility in Dataset 2") and another 300 x 300
pairs of 3D sub-trajectories (denoted by "3D mobility in Dataset 2").

We compute the physical distances between sub-trajectories using the labelled
coordinates. For each combination of two sub-trajectories, their first Wi-Fi samples
are temporally aligned to compute their physical distance. However, since Wi-Fi
samples are collected asynchronously, perfect alignment can not be guaranteed. To
address this, the traditional DTW algorithm is applied to search for the shortest
physical distance between them. Subsequently, for the 300 x 300 trajectory com-
binations in Dataset 1, we categorize them into 25 distinct groups based on their
physical distances, ranging from 0 ~1m, 1 ~2 m, ..., and 24 ~ 25 m. Within each
category, we compute the mean and standard deviation of the inter-similarity for
the corresponding trajectory pairs. The same statistical procedure is also applied to
the 2D and 3D sub-trajectory combinations derived from Dataset 2.

Extensive Analyses of 2D Trajectories

The correlation between distributions of inter-similarity and physical distances
categories are presented in Fig. 3.21(a). Note that each physical distance category
includes a range defined by its respective minimum and maximum values, which
are determined in the previous statistical analysis. The results indicate that inter-
similarity decreases as physical distance increases, demonstrating that the proposed
inter-similarity metric effectively establishes a synchronous connection between cyber
distances and physical distances. The standard deviations of the categories with
very short (i.e., 0 ~5 m) and very long (20 ~ 25 m) physical distances are relatively
small. This is because, when two trajectories are either extremely close (or far apart)
in the physical world, the sets of Wi-Fi APs detected along these trajectories exhibit
significant similarities (or dissimilarities) in terms of the overlapping Wi-Fi APs
and their RSS ranges. In this case, the generated mobility signatures demonstrate
greater robustness in handling the absence of stronger Wi-Fi APs that have lower
beacon broadcast rates, because most of the overlapping APs have similar weights.
For physical distances ranging from 5 m to 20 m, greater variations in inter-similarity
are observed. This is due to the vulnerability of RSS to environmental factors, such
as signal attenuation caused by obstacles (e.g., walls). As a result, the overlapping
Wi-Fi APs and RSS values between two trajectories exhibit significant variations. In
these cases, missing stronger Wi-Fi APs with lower beacon broadcast rates results
in significant fluctuations in inter-similarity.



Chapter 3. Mobility Trajectory Comparison Based on

60 Multi-Modal Sensing Data
2 3,
Cross-section view 'é 4 |
5 3 3
z 2
24 = 2,
=3 XS S 1,
=2 \ £ 0.
Z, /‘%‘*{0/‘\ /
o] AR \
= L XEQORN ‘o

1 08 06 04 02 0
Inter-similarity

(a) Statistics of 2D mobility in Dataset 1.

1
> —&— 2D mobility in Dataset 2
g=! —— 2D mobility in Dataset 1
= 0.6
E
=
3 )
g 02 Ik

0 il

0 5 10 15 20 25
Physical distances (m)
(b) Statistics of 2D mobility in two environments.

1
> —4&— 2D mobility in Dataset 2
g=! —&— 3D mobility in Dataset 2
= 0.6
E
=
2
k= 0.2

0

0 5 10 15 20 25
Physical distances (m)

(c) Statistical analyses in a multi-floor environment.

Figure 3.21: Analyses of correlations between cyber distances and physical dis-
tances.
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Furthermore, Fig. 3.21(b) presents the distributions of inter-similarities for 2D
trajectories in two different environments, along with their respective means and
standard deviations. The results indicate that inter-similarity decreases as the
physical distance increases. The 2D mobility data from Dataset 2 exhibits lower
inter-similarity due to the increased complexity of the environment, which contains
many irregularly shaped rooms and obstacles (e.g., bookshelves arranged in rows
and walls). In addition, the mobility combinations in Dataset 2 are generated
from sub-trajectories collected by 21 heterogeneous devices, which increases data
uncertainty. Note that, a sharp decline can be observed in inter-similarity as the
physical distance increases from 1 m to 5 m. This is because many sub-trajectory
pairs are spatially close but separated by walls, leading to substantial signal fading.
This observation highlights that our metric captures not only the spatial distances
between trajectories but also the physical-world space separation. In contrast, the
inter-similarity curve for Dataset 1 remains relatively higher and more stable. This
is because the sub-trajectories are made from the same device and the environment
consists of three regular-shaped rooms, making it simpler in structure.

Extensive Analyses in a 3D Environment

The impacts of moving across floor in a 3D environment are further investigated
here. The statistics of 2D mobility made on the same floor and statistics of 3D
mobility taken between two adjacent floors are presented in Fig. 3.21(c). As can be
seen, the differences between 2D and 3D curves are very small, which means that
our approach is still robust even in a 3D environment. Note that the inter-similarity
of 3D mobility is slightly lower within a physical distance between 4 m and 10 m,
because the combination of the two sub-trajectories can potentially occur on two
adjacent floors at a height of 3.7 m. In this case the ceiling greatly affects overlapping
Wi-Fi APs and RSS in their mobility signatures because of signal fading. Our metric
is also sensitive to space separation by different floors. When the physical distance
increases to more than 10 m, Wi-Fi APs in their mobility signatures are almost not
overlapping with each other because of the complex building structure and longer
distances although they are on two adjacent floors.

3.6.7 Analyses of Execution Time

The theoretical and the actual execution time of our system is further investigated
by varying the duration of time interval I. The communication cost during the data
collection stage is not considered in the actual execution time, because only the
computational cost of the algorithm is explored here. A longer I results in the larger
numbers of Wi-Fi scans M and sensor measurements J, i.e., a larger M and J in
the total complexity of O(M?N? + Jlog.J) analyzed in Section 3.4.2. In addition,
the maximal number N of detectable Wi-Fi APs in an environment usually ranges
from 5 ~ 10 with sparse networks and ranges from 15 ~ 20 with dense networks, as
shown in Section 3.6.1 and Section 3.6.5. To analyze the impact of the value of N
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on the actual execution time, the top N Wi-Fi APs are selected based on RSS to
create the mobility signature. Here, N varies from 5, 10 to 15 to distinguish it from
the actual V. To obtain the theoretical execution time, the theoretical values of M
and J are approximated in Section 3.5 using T, = 1 and T, = 1/50 given I. Note
that in practice, the values of M and J (depending on the optimization mechanisms
implemented on different phone models) are much smaller than the approximated
theoretical values.

e
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—Theoretical execution time, N = 15
—— Theoretical execution time, N =10
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— Actual execution time, N = 15

—— Actual execution time, N = 10/
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Figure 3.22: Time interval I vs. execution time.

The approximated theoretical execution time and the actual execution time are
shown in Fig. 3.22. As expected, both theoretical and actual execution times in
denser networks (1\7 = 15) are significantly higher than those in sparser networks
(N =10 and N = 5). Furthermore, compared with the theoretical execution time
(red curves), the actual execution time (blue curves) grows slowly with increasing
time interval and remains significantly lower. This is because device manufacturers
optimize the update cycles of Wi-Fi scanning and sensor sampling across operating
system versions and device conditions, resulting in small values of M and J in
practice. As shown in Fig. 3.22, when a short interval of I = 6 seconds is selected,
which is the setting used in our implementation, the theoretical execution time is
only 0.006 seconds even in dense networks with N = 15. In contrast, when a longer
interval of I = 180 seconds is used, the theoretical execution time increases to 4.45
seconds in the same dense setting, consisting of 3.78 seconds for inter-similarity, 0.62
seconds for self-similarity, and 0.05 seconds for movement similarity. In practice,
the actual execution time is much lower. In dense networks with N = 15, our
system requires only 0.147 seconds for I = 180 seconds and merely 0.002 seconds
for the implemented I = 6 seconds. Therefore, in our implementation, computing
the cyber distance between two users requires only 0.002 seconds. Even when
the number of users increases to 50, the total execution time remains small, i.e.,
T= (520) x0.002 = % -0.002 = 2.45 seconds, which is much smaller the I = 6 seconds
collection interval. Note that the execution time is tested on a server running on
a Macbook Pro with a 2.3 GHz Intel i5 core processor. A more powerful machine,
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such as a dedicated server, would further increase the number of users the system
can support.

3.7 Conclusion

This dissertation designs a system to detect the physical proximity between users by
analyzing their collected multi-modal sensing data. In this dissertation, the proposed
system utilizes multi-modal sensing data (i.e., Wi-Fi data and IMU data without
localization) to establish the mobility trajectories of users. Because Wi-Fi data
serves as virtual landmark and IMU data can well perceive the user’s motion, the
mobility trajectories modeled for users in this dissertation also imply their real-world
proximity to some extent. When the cyber distance between the mobility trajectories
of any two users is computed to be small, the proposed system considers that these
two users are also physically non-separate, i.e., they are not social distancing. The
aim of our system is to utilize users’ sensing data in the cyber world to infer their
mobility in the physical world, thereby bridging the gap between the cyber and
physical worlds. Extensive experimental results and in-depth statistical analysis
based on comprehensive trajectories demonstrate that the proposed cyber distance
is robust to the dynamic changes in physical distance caused by greater human
mobility and movement. In addition, the joint use of multi-modal sensing data
complements the weaknesses of Wi-Fi data and IMU data, respectively, providing a
more reliable proximity detection method.






CHAPTER 4

Visual Trajectory Comparison
Based on Cross-Domain Sensing
Data

4.1 System Model

4.1.1 Problem Statement

This work analyzes the correlation between users’ visual attention based cross-
domain sensing data, i.e., the movements of human eyeballs and the light reflected
in human eyes. First, we assume that each user is equipped with a camera for
capturing consecutive images (video) containing the eyes of the user u;. We divide
time into multiple discrete intervals, and the length of each interval is M seconds.
For a given interval, the video collected by the u; over M seconds is denoted by
Vi ={vi(p)lp € [1, M N ]}, where v;(p) is the p — th RGB frame containing the eye of
u;, and N is the number of frames per second (fps).

Given the videos V; and Vj collected by two users u; and u;, respectively, this
work designs a system to explore the visual attention correlation between u; and u;,
referred to as the visual attention similarity ®; ; between u; and u;. As an example,
a higher ®; ; means that the collected videos V; and Vj are similar, also indicating
that users u; and u; are always sharing a similar visual attention. Conversely, if u;
always focuses on one position while u; is constantly changing his attention, their
collected videos V; and V; are completely different, resulting in a smaller ®; ;.

4.1.2 System Framework

Fig. 4.1 presents the framework of our system, which consists of four main phases:
1) data collection, 2) creation of visual signatures, 3) detection of visual transitions,
and 4) computation of visual attention similarity.

In Phase 1, the image frames containing the eyes of a user are captured by his
eye camera in real-time. The video consisting of sequential frames of this user is sent
to the next phase for further processing. In Phase 2, iris of each user are extracted
from each image frame in the video collected in Phase 1. Next, we create a visual
signature for each processed frame by transforming each extracted iris from the
spatial domain to the frequency domain. In Phase 3, this system detects the points
where the visual signatures change. A change in the visual signatures implies that

65
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Figure 4.1: System framework.

the visual attention of the user changes from one position to another. We refer
to these change points as the visual transitions, and the visual attention of the
user is on different scenes before and after a visual transition. In Phase 4, based
on the detected scenes, the visual attention similarity between users is computed
through pairwise comparisons of the scenes seen by users. The more scenes two
users simultaneously focus on and the closer the time they focus on each scene, the
higher the visual attention similarity between the two users share.

4.2 Creation of Visual Signatures

This work creates a visual signature for each image frame by transforming each
frame from the spatial domain to the frequency domain. The key idea behind
the proposed visual signature lies in two aspects. First, the information in the
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?

frequency domain can better characterize the light distribution reflected in users
eyes, where the high-frequency components represent the rapid changes of light
whereas the low-frequency components stand for the slow changes of light. Second,
salient features in low-resolution images, i.e., the light reflected in users’ eyes, can
be efficiently extracted from the frequency domain information, thus facilitating the
effective comparison of low-resolution images.

This section first explains the technical details of constructing a visual signature,
and then elaborates on how to quantify the similarity between visual signatures.

4.2.1 Workflow of Creating Visual Signatures

Given V;, which is the video collected by u; over M seconds, our system creates a
visual signature for each image frame in V;. The creation of the visual signatures for
u; is composed of 3 steps, which are presented in Fig. 4.2 and introduced as follows.

Figure 4.2: Creation of visual signatures.

In Step 1, the iris of w; is extracted from each frame in V; using the MediaPipe
framework proposed in [GAK+20], which is based on a deep regression architecture.
This architecture consists of a global stage and a local stage. In the global stage,
a regression subnetwork estimates the coarse locations of facial landmarks, such
as the mouth, nose, and iris, directly from the full face of u;. In the local stage,
each detected landmark is used as input to separate regression subnetworks to
further refine the detection results. Since the detection output provides only the
coordinates of the iris center, while our objective is to extract the iris region (i.e.,
the black part of the eye rather than the sclera), an additional processing step is
required. Specifically, we adopt the method proposed in [Wel91], which applies a
linear programming algorithm to find the smallest enclosing circle of the iris. The
optimization objective of this linear programming algorithm is to minimize the
radius of the circle while ensuring that all given points lie inside or on the boundary
of the circle, which is achieved by jointly optimizing the circle center and radius
subject to distance constraints imposed by the input points. Finally, we denote the
extracted iris set by E; = {e;(p)|p € [1, MN]}, where e;(p) is the iris region of user
u; extracted from the p —th frame v;(p).

In Step 2, each image frame in Fj; is first converted from RGB color space to
HSV color space, where only the V component in HSV is leveraged in this work.
This is because we investigate the light distribution reflected in human eyes and
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the V component represents the lightness of an image. Moreover, since the contrast
between light and the white part of the eye is lower, the light reflected in the eye
whites is hard to utilize and may cause interference to the darker iris. To avoid
extracting the eye whites, we convert the circular iris into a square through radial
and linear stretching, so that the edge of the circle matches the edge of the square.
We denote the processed irises by E; = {&(p)|p € [1, MN]}, where &(p) is the iris
of u; extracted from v;(p) after image processing.

In Step 3, each image frame in E; is first transformed from the spatial domain
to the frequency domain using discrete cosine transform (DCT) [ANR74]. The
obtained DCT coefficients for each image frame are then sorted by frequency, and
the lowest L DCT coefficients for each image frame are kept as the visual signature
of this image frame. We denote by D; = {d;(p)|p € [1, M N]} the visual signatures of
the user u;, where d;(p) = {w1, w2, ...,wr} is the visual signature generated for & (p),
wy is the DC coeflicient with a frequency of zero and describes the overall lightness
of €(p), and ws to wy, are the AC coefficients describing the changes of the lightness
in €(p) at different frequencies.

4.2.2 Similarity Score between Visual Signatures

Given two visual signatures d;(p) and d;(p") created for & (p) and &;(p"), respectively,
this work assumes that the more similar the light distributions in & (p) and &;(p") are,
the more overlapping frequencies in d;(p) and d;(p") are. To support this assumption,
several examples of the visual signatures are presented in Fig. 4.3, where the length
of L is set to 16. Fig. 4.3(a) and Fig. 4.3(b) depict the visual signatures of the user
when the user looks at the right side of the monitor and the middle of the monitor,
respectively. Fig. 4.3(c) and Fig. 4.3(d) both present the visual signatures of the
user when the user looks at the left side of the monitor. As can be seen, the visual
signatures in Fig. 4.3(a) and Fig. 4.3(b) exhibit completely different patterns because
the user looks at different parts of the monitor. Conversely, the visual signatures
Fig. 4.3(c) and Fig. 4.3(d) present similar patterns since the user looks at the same
part of the monitor.

Based on the above assumption and observation, this work defines the similarity
score between d;(p) and d;(p’) in Eq. (4.1).

ny _ min(P(1,di(p)), I'(1, di(p)))
AL AT = (L) T (L, ()
Sy min(T(l,di(p)), (L, di(p")))
Yz max(L(1,di(p)), T (L, di(p)))
where I'(l, d;(p)) is a function for extracting the I-th element from d;(p), as shown
in Eq. (4.2).

(4.1)

L'(l,di(p)) = wi,wi € di(p); (4.2)



4.2. Creation of Visual Signatures 69

25 The user looks 25 The user looks

20 to the right 20 to the middle
2 of the monitor. 2 of the monitor.
215 215
< 10 s 10
= p=

5 5

0 0

1 3 5 7 9 111315 1 3 5 7 9 111315
DCT coefficients DCT coefficients
(@ (b)

25 The user looks 25 The user looks

20 to the left 20 to the left
2 of the monitor. ] of the monitor.
£ £
& &
= =
= =

0
1 3 5 7 9 11 13 15 1 3 5 7 9 1113 15
DCT coefficients DCT coefficients
© d)

Figure 4.3: Visual signatures of u; when u; views different positions of the monitor.

The essence of Eq. (4.1) is to investigate the overlap level of d;(p) and d;(p’). The
first term in Eq. (4.1) investigates the overlap level of the DC coefficient between
d;(p) and d;(p"), while the second term in Eq. (4.1) investigates the overlap level of
the AC coefficients between d;(p) and d;(p’).

A numerical and graphical example of computing the similarity score is given
in Fig. 4.4, where the similarity score between the visual signatures in Fig. 4.3(c)
and Fig. 4.3(d) are computed. As shown in Fig. 4.4, the magnitudes of the DC
coefficient is 21.7 in d;(p) and 21.5 in d;(p’), respectively. The overlap of the DC
coefficient is 21.5, which is computed by finding the minimum min(21.7,21.5). The
maximum max(21.7,21.5) is the normalization factor controlling the overlap value
between 0 and 1. Similarly, the overlap of the AC coefficients between d;(p) and
d;(p') are computed. We first compute the overlap of each AC coefficient between
d;(p) and d;(p"), e.g., the overlap of the second coefficient is min(12.9,12.8), the
overlap of the third coefficient is min(8.1,4.5), and the overlap of the last coefficient
is min(0.3,0.7). Next, these overlaps are summed up and referred to as the overlap of
the AC coefficients between d;(p) and d;(p"). Then, the overlap of the AC coefficients
is normalized by a normalization factor, as shown in Eq. (4.1). Finally, the product
of the overlap of the DC coefficients and the overlap of the AC coefficients is the
similarity score between d;(p) and d;(p’), which is 0.99x0.67=0.66 in this example.
As a comparison, the similarity score between the visual signatures in Fig. 4.3(a)
and Fig. 4.3(b) is 0.32, which is significantly smaller than 0.66.
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Figure 4.4: Illustration of similarity score between visual signatures.

4.3 Detection of Visual Transitions

This work first creates sequential visual signatures for each user, which implicitly
represent their visual attention traces. Next, this work investigates the visual
attention correlation between users by computing the similarity between their visual
signatures. As the users’ visual signatures are not synchronized, computing pairwise
similarities between every two visual signatures not only provides coarse-grained
analysis, but also imposes heavy computing burdens. Since the attention of a user
is usually segmental in time, i.e., when his visual attention is focused on a certain
place for a period of time, all his visual signatures during this period tend to be
highly repetitive. As a result, this work segmentizes each user’s visual attention into
different scenes, by detecting the points where visual signatures change significantly
(also referred to as visual transition points). Each detected scene is represented by a
few visual signatures only. By comparing the scene-to-scene correlation, this work
effectively investigates the visual attention correlation among users.

This section is organized into two parts. In the first part, this work quantifies
the change level of the visual signatures of the user u; within a certain time, where
the change level of u; is also referred to as the attention level of u;. In the second
part, the most significant changes are detected from the computed attention level of
u;, which serves as the visual transitions of u;.
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4.3.1 Computation of Attention Level

Rather than analyzing users’ visual attention at a single time point, our system
computes the attention level of each user by investigating temporally consecutive
frames. This is because noise is unavoidable when capturing light reflected from
the human eye. First, the iris of a user may be partially or completely occluded by
the eyelid during eye blinking, resulting in incomplete or noisy visual information.
Second, even when a user’s attention remains focused on the same scene for an
extended period, brief and involuntary eye movements, such as sudden glances, may
occur and lead to erroneous visual signatures. To remain robust to such short-term
noise and preserve only the most representative visual attention characteristics, the
attention level of each user is computed by compensating individual erroneous visual
signatures with other visual signatures collected within the same period.

Attention window: T} seconds

&
<

2+o;1 2+a2 2+a3 2+T1
Sequentlal frames of the user’s eyes

Figure 4.5: Illustration of attention window.

Given D; = {d;(p)|p € [1, MN]}, which represents the visual signatures of user
u;, the attention level of u; is computed by quantifying changes in visual signatures
over an attention window. As shown in Fig. 4.5, d;(p) denotes the visual signature
collected at a given time, and the subsequent 77 seconds are defined as the attention
window associated with d;(p). First, a set ¥; = {¢;(p")|p’ € [1,(M - T1)N]} is
initialized to store the attention levels corresponding to the visual signatures of
u;, where ¥;(p’) denotes the attention level of d;(p’) over its attention window.
To compute ¥;(p’), we randomly select K visual signatures {1, ...,ax} from the
attention window of d;(p’). Next, 1;(p’) is updated by computing the average
similarity score between these K visual signatures and d;(p’), denoted by ;(p") =

Sr Y(di(p'), dia))

e . Finally, a moving average filter with window length 75 is
applied to the resulting attention sequence to further suppress noise.
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4.3.2 Detection of Visual Transitions

As stated in Section 4.3, the attention level changes significantly when a user’s
visual attention shifts from one scene to another, whereas it remains relatively stable
when the user’s visual attention stays on the same scene. Therefore, a user’s visual
attention can be segmented into different scenes by identifying significant changes
in the attention level. Given the attention-level sequence ¥; of user u;, this section
explains how to detect the most significant changes in ¥;, which are referred to as
visual transitions and denoted as T; = {t;(1),¢;(2),...,t:(1),...}.
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Figure 4.6: Detection of visual transitions for user ;.

In this work, visual transitions are detected based on three criteria derived from
empirical observations, which are explained using the examples shown in Fig. 4.6.
First, the attention level must be smaller than a predefined threshold 71, which is
set to 0.6 in our system. Second, the attention level must correspond to a local
minimum. As shown in Fig. 4.6, only three candidate points satisfy these two
criteria and are preserved as potential visual transitions, denoted as points A, B,
and C, and marked by red, yellow, and blue dots, respectively. The third criterion
evaluates whether the prominences of these candidate points exceed 7. We explain
how to find the prominence of a point based on the examples in Fig. 4.6. First, a
horizontal dashed line is extended from point A to the right until it intersects higher
attention levels or reaches the boundary. The maximum vertical distance between
the attention level and this dashed line is denoted as rpax. Similarly, a dashed line
is extended from point A to the left, and the maximum vertical distance between the
attention level and this dashed line is denoted as [,,x. The prominence of point A
is defined as the minimum of ryayx and lyax, which is 0.42 in Fig. 4.6. Based on the
same procedure, the prominences of points B and C are computed as 0.25 and 0.04,
respectively. Since 7o is empirically set to 0.2, point C does not satisfy the third
criterion and is therefore not identified as a visual transition. As a result, points A
and B are selected as actual visual transitions.
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The key idea of prominence in visual transition detection is to eliminate scenes
that attract only brief user attention while preserving scenes that represent the
user’s actual focus. Specifically, when a user’s visual attention switches rapidly
between scenes, multiple candidate visual transitions may be detected within a short
time interval, as shown by points B and C in Fig. 4.6. The prominence criterion
identifies the most representative visual transition by assessing the correlations
between potential visual transitions, suppressing transient transitions (position C)
and preserving only the actual visual transition (Position B). In contrast, point A
corresponds to a distinctive visual transition, exhibiting sufficiently high prominence
and thus being correctly retained as an independent scene change.

4.4 Quantification of Visual Attention Similarity

Based on the visual transition T; detected in Section 4.3, the visual attention of
u; is divided into multiple segments. We denote these segments by S;, which is a
time series containing the scenes seen by w; over a period of time. Given 5; and
S; for users u; and uj, this section analyzes the visual attention similarity ®; ;
between u; and u; by pairwise comparing the scenes between S; and S;. The more
similar scenes are in S; and Sj, the higher the visual attention similarity between
u; and u; is. The comparisons between S; and S; are made by an algorithm called
Weighted Dynamic Time Warping (WDTW) designed in this work. The key idea of
the WDTW algorithm lies in two aspects. First, the WDTW algorithm searches
for the optimal matching between \S; and S; by maximizing their similarity score
defined in Eq. (4.1), while the traditional DTW algorithm finds the best matching
between time series by minimizing their Euclidean distance. Second, each scene
in S; and S; are assigned different weights in the WDTW algorithm, whereas all
elements are of equal importance in the traditional DTW algorithm.

The proposed WDTW algorithm consists of two parts. The first part is shown
in Algorithm 2, where the pairwise similarity scores of the scenes between S; and
S, are first computed. Then, the computed similarity scores are weighted based on
the duration of each scene. The second part is shown in Algorithm 3, where the
WDTW algorithm first searches for the optimal path with the largest accumulation
of the weighted similarity scores, and then retrieves the optimal matching from the
optimal path. The visual attention similarity ®; ; is computed based on the optimal
matching.

4.4.1 Computation of Pairwise Similarity Scores

Algorithm 2 pairwise compares the scenes between users while considering the
duration of each scene. As shown in Lines 2-10 in Algorithm 2, the scenes of u;
and u; are denoted by S;={s;(p)lp € (1,|T;| - 1)} and S;={s;(q)|p € (1,|T;| - 1)},
where s;(p) is the p-th scene of u; and s;(q) is the ¢g-th scene of u;. The comparison
between s;(p) and s;j(q) is first made by computing the similarity score of the
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visual signatures between s;(p) and s;(¢), as shown in Lines 11-16. The computed
similarity score is kept in the matrix G; ;. Then, G ; is weighted by importance

level §; and equality level Jo, as shown in Lines 17-19. The importance level of

[si(p)| +155(9)]

si(p) and s;(q) is defined as , 1.e., the ratio of the durations of s;(p)

and s;(q) to the total duration. The equality level of s;(p) and s;(q) is defined

man(|s; S
(P, Is5(a)1) , i.e., the ratio of the shorter-duration scene to the longer-
maz(|si(p)l, s (q)])
duration scene in this pair of scenes. The weighted similarity scores are denoted by

the matrix G; ;.

Fig. 4.7 presents a numerical example to better illustrate the principals of
Algorithm 2. As shown in Fig. 4.7(a), three scenes {s;(1),s;(2),s;(3)} are detected
for u; and two scenes {s;(1),s;(2)} are detected for u;. Note that, each scene is
represented as the range between two visual transitions, e.g., s;(1) is the range
between the visual transitions ¢;(1) and ¢;(2). Then, pairwise comparisons between
{si(1),5i(2),si(3)} and {s;(1),s;(2)} are performed. An example of comparing
s5i(2) and s;(1) is given. Firstly, K visual signatures are randomly selected from s;(1),
denoted by {d;(a1),...,d;i(ax)}. Similarly, K visual signatures are also randomly
selected from s;(2), denoted by {d;(51),...,d;(Bk)}. Secondly, we compute the
pairwise similarity scores of the visual signatures between {d;(«1),...,d;(ak)} and
{d;(51),...,d;(Bk)}, and average the computed similarity scores. The averaged
similarity score of scenes s;(2) and s;(1) is denoted by G; ;(1,2), which is computed
as 0.79. As shown in Fig. 4.7(b), s;(2) and s;(1) are the similar scenes, which is in
accordance with the higher similarity score G;;(1,2) = 0.79. Thirdly, G, ;(1,2) is
weighted by the importance level §; and the equality level d5. As the durations of

32+34 ) 55 and
60 + 60

32
d2 is computed as Ev i 0.94 for s;(2) and s;j(1). Therefore, the weighted similarity
score G j(2,1) of 5;(2) and s;(1) is 0.79 x 0.55 x 0.94 = 0.40, as shown in Fig. 4.7(c).

5i(2) and s;(1) are 32 seconds and 34 seconds, J; is computed as

The meanings behind the importance level and the equality level are exemplified
by another example in Fig. 4.7. Because s;(1) and s;(2) are also the similar scenes,
the averaged similarity score of s;(1) and s;(2) is G;;(1,2) = 0.87, which is higher
than 0.79 for G; ;(2,1). However, as the durations of s;(1) and s;(2) are shorter,

16 + 26
20 0.35. In addition, the durations s;(1) and

their importance level is merely

16
5j(2) are different, their equality level is only % 0.62. As a result, the weighted
similarity score G; ;(1,2) of s;(1) and s;(2) is 0.87 x 0.35 x 0.62 = 0.19 which is
significantly smaller than G; ;(2,1). Therefore, a larger weight is assigned to a pair

of scenes when the duration of the pair is longer and the durations of two scenes in
the pair are closer.
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Algorithm 2: Computation of Pairwise Similarity Scores
Input :7;,7};: Visual transitions of users u; and u;;
D;, D;: Visual signatures collected by users u; and u;;
Output:S;, S;: Scenes seen by users u; and u;;
G, ;: Pairwise similarity scores of scenes between users
u; and uy;
éms Weighted pairwise similarity scores of scenes
between users u; and u;;
//Initialization:
Sl' = {81(1), ) 31(|T’z| - 1)} <« 0,
Sy = {8;(1)s o513 - 1)) < 0
gi,j‘_ Oy, |-1,1my)-1

Gij< O |11 )15
//Compute the range of each scene:
for p from 1 to |T;|-1 do

| si(p) < [ta(p), ti(p + 1)];

9 for g from 1 to |T};|-1 do

10 | s5(q) < [ti(@),t;(g+1)];

11 //Compute weighted similarity scores:
12 for p from 1 to |T;|- 1 do

o N OO ok W N e

13 {a1,...,ax }<Randomly select K frames from s;(p);
14 for ¢ from 1 to |T;| -1 do
15 {B1, ..., Br }+< Randomly select K frames from s;(q);

YRS Y (di(aw), di(By))

16 Gi.j(p,q)«< ;//Compute the similarity score

between s;(p) and s;(q).

5y < lsi(p)| + |5j(Q)|,

17 ; //Importance level.

min(|5i(p)|v‘5j(q)|). e
maz([si(p)l s, (q)) //EY vl

19 5” (p,q)«<01 x 62 x G j(p,q); //Compute the weighted similarity score
between s;(p) and s,;(g).

18

20 return G; ;,G; 5, 55,55

4.4.2 Computation of Visual Attention Similarity

Given @vi’j, Algorithm 3 searches for the optimal matching of the scenes between S;
and S; such that the accumulation of the similarity scores is maximal. To achieve
this, Algorithm 3 first computes the accumulation of the similarity scores for each
element in C~}’” The accumulations of the similarity scores are kept in the matrix
P; ;. Then, the optimal matching is found by searching for the optimal path with
the largest accumulation of the similarity score from P, ;.

An example is given in Fig. 4.8 to demonstrate how Algorithm 3 works, where
P, ; is indicated by the red numbers in Fig. 4.8(a), and va is indicated by the
numbers in brackets in Fig. 4.8(a). Algorithm 3 starts by computing P; ;(1,1) for
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Algorithm 3: Computation of Visual Attention Similarity
Input : S5;,5;: Scenes of users u; and u;;
G ;: Similarity scores between S; and Sj;
éi,j: Weighted similarity scores between S; and Sj;
Output: ®; ;: Visual attention similarity between u; and u;;
//Initialization:

P; j< Oy 1;)-1; //Accumulation of similarity score.

=

O« @; //Set for keeping optimal matching.
//Compute the maximal accumulation of similarity score:
P, ;(1,1) < 2x G, ;(1,1); //Starting point.
for p from 2 to |T;| -1 do
L P, i(p,1)«< P j(p-1,1)+ §i7j(p, 1); //First column.
for ¢ from 2 to |T;| -1 do
L P, ;(1,q9) < P, ;(1,q-1)+ G, ;(1,q); //First row.
10 for p from 2 to |T;| -1 do
11 for ¢ from 2 to |T;| -1 do

- N, I

©

12 v_path < P; j(p-1,q) + G; ;(p.q);

13 h_path < P, j(p,q—1) + G ;(p, q);

14 dﬁpath<—Pi’j(p—1,q—1)+2xéi7j(p,q);
15 P, i(p,q) < max(v_path,h path,d path);

16 //Backtrack to search for the optimal matching:
17 while p>1 org>1do

18 if p=1 then

19 L o< (l,g-1)

20 else if ¢ =1 then

21 L o< (p-1,1)

22 else

23 if P,;(p,q)=Pi;j(p-1,9)+Gi;(p,q) then

24 | o=(»-1,9

25 else if P, ;(p,q) =P, ;(p,qg-1)+ éu (p,q) then
26 L o<+ (p,g-1)

27 else

28 Loe(p—l,q—l)

29 O < Ou{o}
30 | (pg)<o

31 //Compute the visual attention similarity :
S Gij(@1,51) x (1si(z)] + |s; (1)), (@1,91) € O(p)
S0 [si(22)] + [ (y2)], (22, 72) € O(q)

32 ¢

A
]

33 return ®; ;
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Figure 4.7: Illustration of attention window.

the first element in é” according to Line 5, which is 2 x 0.07 = 0.14. Then, the
accumulations of the similarity scores are computed for the elements in the first
column and first row. For example, P; ;(2,1) is computed according to Lines 6-7,
which is 0.14+0.40 = 0.54. Similarly, P; ;(1,2) and P; ;(1,3) are computed according
to Lines 8-9, which are 0.54 and 0.61. The similarity scores are accumulated along
only one path for the elements in the first row or first column, whereas three possible
paths are examined for each of the other elements in ém, as shown in Lines 10-15.
For example, the three possible paths are examined for computing P; ;(2,2), which
are the vertical path P; j(1,2)~ G;;(2,2), the horizontal path P; ;j(2,1)~ G;;(2,2),
and the diagonal path P; ;(1,1)~ G;(2,2). The maximum among the three paths
is selected for computing P; ;(2,2), which is the vertical path 0.54 + 0.16 = 0.70.
Similarly, P; ;(2,3) is computed as 0.70 + 0.05 = 0.75. Next, Algorithm 3 starts from
the last element P; ;(2,3) and backtracks to search for the optimal path from P; ;,
as shown in Lines 17-28. The optimal path is 0.14 - 0.54 — 0.70 - 0.75, as shown
by the red arrows in Fig. 4.8(b). The optimal matching is retrieved from the optimal
path, which are s;(1) and s;(1), s;(2) and s;(1), s;(2) and s;(2), s;(3) and s;(2),
as shown in Fig. 4.8(b). Finally, the visual attention similarity ®;; is found by
normalizing the similarity scores between the scenes in the optimal matching, as
shown in Line 32.

4.5 Implementation

Users can decide the operation mode of our system according to their application
scenarios. In static scenarios such as online classes, our plug-and-play system is
installed on the user’s computer. The eyes of the user are captured by the webcam
of the computer. In dynamic scenarios (e.g., some virtual reality-based applications),
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Figure 4.8: An example of optimal matching.

the eye camera mounted on the user’s smart glasses can capture the light reflected
in their eyes. As shown in Fig. 4.9, the prototype of the wearable device consists of
four modules: i.e., an IMX477 camera for capturing the eyes of the user, an Nvidia
Jetson Nano board for running our system, a TL-WN722N Wi-Fi antenna for data
transmission, a helmet and 3D printed adjustable holder for fastening all modules.

Figure 4.9: Prototype of the designed wearable device.

The proposed parameters are specified in this section. The time interval M is
set to 60 seconds, i.e., this work investigates the attention of users for a period of 60
seconds. The frames per second N is set to 30 for capturing the fast eye movements.
The length of the preserved DCT coefficients L is set to 16, which is sufficient for the
comparisons of the low-resolution images in this work. 77 for the attention window
and Ty for the sliding window are set to 5 seconds for noise removal. The thresholds
71 and 7 for detecting the visual transitions are set to 0.6 and 0.2, respectively.

4.6 Experiments and Evaluation

This section evaluates the performance of the proposed system through extensive
experiments conducted in three environments, i.e., staring at computer screens,
indoors in university buildings, and outdoors on campus. We divide the experiments
into controlled experiments and uncontrolled experiments. The controlled exper-
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iments are conducted under different attention scenarios, which are designed by
simulating different users’ visual attention. By comparing the detected users’ visual
attention with their actual visual attention, we preliminarily investigate the ability
of the proposed system. Moreover, this work provides an in-depth analysis of the
system performance under diverse attention scenarios, different environments, and
various external factors. The uncontrolled experiments are conducted on a large
scale to further verify the robustness of the proposed system. To achieve this, we
investigate the synchronicity between the visual attention similarity and the overlap
ratio of users’ attention. Finally, the necessity of some parameters proposed in this
work is also elaborated through uncontrolled experiments.

4.6.1 Preliminary Analysis based on Controlled Experiments

Experimental Setup

(a) Indoor office. (b) Computer screen. (c) Ourdoor campus.

Figure 4.10: Experimental environments.

This section first conducts controlled experiments in different environments
and under diverse attention scenarios. As shown in Fig. 4.10, The experimental
environments are an indoor office, a computer screen, and the outdoor campus
in this work. For each environment, 5 reference points are selected from different
positions which are marked by A, B, C, D, FE in Fig. 4.10. Users’ attention only
switches between reference points in controlled experiments. As shown in Fig. 4.11,
6 different attention scenarios are designed by simulating various visual attention for
two users u; and u;. We conduct controlled experiments under 6 attention scenarios
in each environment, the detail of each attention scenario is described as follows.

« Scenario 1: both u;’s attention and u;’s attention are on one position (e.g.,
Position A) for a period of 400 seconds, as shown in Fig. 4.11(a);

e Scenario 2: u;’s attention is on one position (e.g., Position A) while u;’s
attention is on a different position (e.g., Position B) for 400 seconds, as shown
in Fig. 4.11(b);

e Scenario 3: both u; and u; change their attention from one position to
another every 10 seconds, their attention is always on the same position for
400 seconds, as shown in Fig. 4.11(c);
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Figure 4.11: Experimental scenarios.

e Scenario 4: both u; and u; change their attention from one position to
another every 10 seconds, their attention is always on different positions for
400 seconds, as shown in Fig. 4.11(d);

e Scenario 5: u;’s attention is on one position (e.g., Position A) for 400 seconds
while u;’s attention periodically switches between Position A and one other
position (e.g., Position B) every 10 seconds, as shown in Fig. 4.11(e);

e Scenario 6: u;’s attention is on one position (e.g., Position A) for 400 sec-
onds while u;’s attention periodically switches between Position A and other
positions (e.g., Position B, C, D, E) every 10 seconds, as shown in Fig. 4.11(f);

Performance Metrics

The performance metrics used to evaluate the performance of the proposed system
are introduced as follows.

_TIr__
FN+TP®

detect the users with the same visual attention.
e Specificity = %, which measures the system capability to correctly detect
the users with different visual attention.
_ TP+TN
s Accuracy = 75

TN+FP+FN’
detect the relationship between the visual attention of two users.

e Sensitivity = which measures the system capability to correctly

which measures the system capability to correctly

where TP, TN, FP, and FN represent the number of true positive results, the number
of true negative results, the number of false positive results, and the number of
false negative results, respectively. In our work, a true positive result is considered
when the users with the same visual attention are detected as sharing the same
visual attention, a true negative result indicates that the users with different visual
attention are detected as having different visual attention, a false positive result
signals that the users with different visual attention are detected as sharing the
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same visual attention, and a false negative result means that the users with the
same visual attention are detected as having different visual attention.

Analysis of Visual Attention Similarity
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Figure 4.12: Visual attention similarity between u; and u; under different scenarios
in the indoor office.

The experimental results in the indoor office are shown in Fig. 4.12, where
Fig. 4.12(a) to Fig. 4.12(f) present the visual attention similarity between u; and
u; in Scenario 1 to Scenario 6, respectively. As can be seen, the visual attention
similarity in Fig. 4.12(a) and Fig. 4.12(c) are significantly larger than the visual
attention similarity in Fig. 4.12(a) and Fig. 4.12(c). This is because u; and u;
share the same attention in Scenario 1 and Scenario 3, while u;’s attention and
u;’s attention are on different positions in Scenario 2 and Scenario 4. Moreover,
more fluctuations are found in Scenario 3 and Scenario 4 because u;’s attention and
u;’s attention keep changing in Scenario 3 and Scenario 4, whereas the attention
of u; and u; remains unchanged in Scenario 1 and Scenario 2. We attribute such
fluctuations to the changes in users’ attention. Fig. 4.12(e) and Fig. 4.12(f) present
the visual attention similarity in Scenario 5 and Scenario 6 where periodic changes
are observed. This is because u;’s attention is always on one position, while u;’s
attention periodically switches between this position and other positions in Scenario
5 and Scenario 6. More fluctuations are found in Fig. 4.12(f) than Fig. 4.12(e),
because u;’s attention changes between only two fixed positions (e.g., Position A
and Position B) in Scenario 5, whereas u;’s attention changes between Position A
and any other positions in Scenario 6.
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As a consequence, the proposed visual attention similarity is preliminarily ob-
served as capable of distinguishing users’ attention in static scenarios (Scenario 1
and Scenario 2), in dynamic scenarios (Scenario 3 and Scenario 4), as well as in
hybrid scenarios (Scenario 5 and Scenario 6). Note that we only demonstrate the
experimental results for the indoor office, since the curves of visual attention simi-
larity for other environments exhibit similar patterns. A comprehensive comparison
of system performance in different environments is given in the next section.

System Performance in Different Environments

Table 4.1: System performance in different environments.

Computer | Indoor | Outdoor
Overall
screen office campus

Sensitivity 95.67 % 98.25 % | 93.83 % | 95.92 %
Specificity 94.58 % 97.83 % | 88.00 % | 93.47 %
Accuracy 95.13 % 98.04 % | 90.92 % | 94.69 %

Statistical analysis is given to comprehensively evaluate the system performance
in different environments. As shown in Table 4.1, the overall sensitivity, specificity,
and accuracy of the system are 95.92%, 93.47% and 94.96% respectively. While the
best performance is found in the indoor office, where the sensitivity, specificity, and
accuracy are 98.25%, 97.83%, and 98.04% respectively, the worst performance is
found in the outdoor campus with sensitivity, specificity, and accuracy of 93.83%,
88.00%, and 90.92%, respectively. When users look at the computer screen, our
system performs slightly worse than the indoor office but significantly better than
the outdoor campus, with sensitivity, specificity, and accuracy of 95.67%, 94.58%,
and 95.13% respectively.

A B C D E
(a) Light distributions on the eyes of users in the outdoor campus.
A B C D E
(b) Light distributions on the eyes of users in the indoor office.

Figure 4.13: Light distributions on the eyes of users.
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The above results accord with the actual situations, i.e., the proposed system
performs worst outdoors and best indoors. This is because the dominant light source
outdoors is the natural light from the sky, which may not be occluded when the user
is not surrounded by buildings. In this case, the light distribution in the user’s eyes
does not change significantly when his attention changes from one position to another.
As a result, the proposed system may fail to detect changes in the user’s attention
in the outdoor environment. In contrast, indoor light sources are primarily from
electric lights or outside windows, which are prone to be partially obscured and thus
generate different light distributions in the user’s eyes. Consequently, small changes
in the user’s attention may lead to significant changes in the light distribution in
the user’s eyes, and our system is more capable of distinguishing the users’ attention
in the indoor environment. As shown in Fig. 4.13(a), the images under B and C are
highly similar, which represent the light distributions in the user’s eyes when his
attention is on Position B and Position C in the outdoor environment, respectively.
Conversely, the light distributions are diverse in the indoor environment, as shown
in Fig. 4.13(b).

System Performance under Diverse Scenarios

Further analysis is undertaken to study the system performance under different
attention scenarios. As shown in Fig. 4.14(a), the overall performance is the best
under static scenarios where the sensitivity, specificity, and accuracy are 99.33%,
94.75%, and 97.04%, respectively. The worst performance is found under dynamic
scenarios with sensitivity, specificity, and accuracy of 92.67%, 91.75%, and 92.21%,
respectively. The performance under hybrid scenarios is better than dynamic
scenarios but worse than static scenarios, with sensitivity, specificity, and accuracy
of 95.75%, 93.92%, and 94.83%, respectively. Similar results are also observed in
every single environment. In the outdoor environment, system sensitivity, specificity,
and accuracy significantly degrade from 98.50%, 87.75%, and 93.13% under static
scenarios to 89.25%, 85.75%, and 87.50% under dynamic scenarios, as shown in
Fig. 4.14(b). Similarly, when users look at computer screens, significant degradation
of system sensitivity, specificity, and accuracy is observed from 99.75%, 98.00%,
and 98.88% under static scenarios to 91.50%, 92.50%, and 92.00% under dynamic
scenarios, as shown in Fig. 4.14(c). A slight degradation in system performance
is found in the indoor environment, where the system sensitivity, specificity, and
accuracy drop from 99.75%, 98.50%, and 99.13% under static scenarios to 97.25%,
97.00%, and 97.13% under dynamic scenarios, as shown in Fig. 4.14(d).

These results are in accordance with the actual situation. Because the users’
attention remains unchanged under static scenarios, the system is more capable
of correctly detecting the relationship between users’ attention. On the contrary,
users’ attention keeps changing under dynamic scenarios, which renders the system
more difficult to correctly detect the relationship between users’ attention. How-
ever, the proposed system achieves sensitivity, specificity, and accuracy of 89.25%,
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Figure 4.14: System performance in different scenarios.

85.75%, and 87.50% even in the worst case, i.e., in the outdoor environment under
dynamic scenarios, as shown in Fig. 4.14(d). This demonstrates the robustness and
adaptability of the proposed system to different environments and scenarios.

System Performance with Various External Factors

Table 4.2: System performance with various external factors

Indoor | Sunlight | Background

light on | shining changing
Sensitivity | 82.17 % | 70.67% 93.33 %
Specificity || 78.42 % | 63.00 % 91.42 %
Accuracy 80.29% 66.83% 92.38 %

This section investigates the impact of external factors on system performance,
i.e., the background of the computer screen, the room lights, and the sunlight.
To achieve this, 3 groups of experiments are conducted where the experimental
environment is the computer screen, as shown in Fig. 4.10(b), and the experimental
scenarios are the 6 scenarios described in Fig. 4.11. In each group of experiments,
the user u; looks at a screen with a fixed background in an office without room light
and sunlight. In the first group of experiments, u; looks at a screen with changing
backgrounds in an office without room light and sunlight. In the second group of
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experiments, u; looks at a screen with a fixed background in an office with room
light and without sunlight. In the third group of experiments, u; looks at a screen
with a fixed background in an office without room light and with sunlight.

Table 4.2 and Fig. 4.15(a) jointly present the statistical results. As shown
in Table 4.2, changing the background of the computer screen does not impact
system performance, where the overall sensitivity, specificity, and accuracy achieve
93.33%, 91.42%, and 92.38%. In this case, the system performs satisfactorily under
every scenario, with sensitivity, specificity, and accuracy of 97.00%, 96.00%, and
96.50% under static scenarios, 90.25%, 86.75%, and 88.50% under dynamic scenarios,
and 92.75%, 91.50%, and 92.13% under hybrid scenarios, as shown in Fig. 4.15(a).
However, the system performance drops significantly when the room lights are
turned on, with overall sensitivity, specificity, and accuracy of 82.17%, 78.42%,
and 80.29%, as shown in Table 4.2. The system performs unsatisfactorily under
every scenario, with sensitivity, specificity, and accuracy of 87.00%, 78.25%, and
82.63% under static scenarios, 77.25%, 75.25%, and 76.25% under dynamic scenarios,
and 82.25%, 81.75%, and 82.00% under hybrid scenarios, as shown in Fig. 4.15(b).
More remarkably, when sunlight is allowed into the room, the proposed system is
severely impaired, with overall sensitivity, specificity, and accuracy of only 70.67%,
63.00%, and 66.83%, as shown in Table 4.2. The system is incapable of detecting
the relationship between users’ attention under every scenario, with sensitivity,
specificity, and accuracy of only 72.75%, 65.50%, and 69.13% in static scenarios,
only, 69.00%, 59.75%, and 64.38% in dynamic scenarios, and only 70.25%, 63.75%,
and 67.00% in hybrid scenarios, as shown in Fig. 4.15(c).
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1 _
0.9
0.8 —_ ~
0.7 = =
0.6
0.5

Sunlight

1 u;: Original
09 u;: Background
0.8 ]’

@

0.7

o1 1 Y

Static Dynamic Hybrid
Scenarios Scenarios Scenarios

u;: Room lights

W

u;: Sunlight

Figure 4.15: System performance with different external factors and scenarios.
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We analyze the above results through Fig. 4.15(d), which shows from top to
bottom the light distributions in the users’ eyes 1) without any external factors, 2)
with only the screen background changing, 3) with only the room lights on, and
4) with only sunlight in the room, respectively. As shown in Fig. 4.15(d), when
the screen background changes, the light distribution of u; shows little difference
compared to the original light distribution of u;, and thus the impact on system
performance is minor. When the room lights are turned on, the light distribution u;
is significantly blurred compared to the original light distribution u;. This is because
the screen brightness is relatively reduced as the room lights increase the room
brightness, which reduces the light amount reflected on u;’s eyes, thereby impacting
the system performance. When sunlight falls on the table in front of the computer
screen, it takes over as the dominant light source because sunlight is much brighter
than the screen. As a result, u; and u; exhibit completely different light distributions
although they share similar attention, and thus a significant impairment is found in
system performance.

Performance Comparison with other Research

Table 4.3: Performance comparison with other research.

TMK&PDQ | HOOF-based Visil Our
isi
+PDQF approach approach
Sensitivity 87.64% 81.56% 81.30% 95.98%
Specificity 81.04% 76.64% 75.76% 88.52%
Accuracy 84.34% 79.10% 78.53% | 92.25%

In this section, we compare the performance of the proposed approach with the
other three approaches introduced in the related work section, i.e., the hashing-
based approach [DWB19], the feature-based approach [RCW+12], and the deep
learning-based approach [KPP+19]. As shown in Table 4.3, the hashing-based
approach exhibits a significant degradation compared with our approach, with
sensitivity, specificity, and accuracy of 87.64%, 81.04%, and 84.34%. In addition, a
more significant drop in performance is observed for the feature-based approach in
Table 4.3, with sensitivity, specificity, and accuracy of 81.56%, 76.64%, and 79.10%
respectively. Remarkably, the deep learning-based approach severely impairs system
performance compared with our approach, with sensitivity, specificity, and accuracy
of 81.30%, 75.76%, and 78.53% respectively.

We attribute the degradation in the hashing-based approach to the limited
color information in the video extracted from human eyes, where the primary color
components are a large area of dark background and a small area of bright foreground.
Therefore, the useful information for the bright foreground is very sparse in the
hash codes generated for the videos. The drop in the feature-based approach is
attributed to the singularity of the extracted features, which are mostly the edges
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between the dark background and the bright foreground. The similarity between
videos is hardly quantified based on only edge features. For the deep learning-based
approach, the features from the convolutional layers are leveraged and aggregated
as the representations of videos. However, due to the low resolution of the videos in
our case, the pre-trained CNN hardly detects the objects in the videos and hence
the features generated in each convolutional layer are unreliable.

4.6.2 Advanced Analysis based on Uncontrolled Experiments

In this section, a large-scale dataset is first established, and diverse attention traces
are generated for users based on the collected dataset. The robustness of the
proposed system is then studied by investigating the synchronicity between the
relationship of users’ attention traces and their visual attention similarity. A robust
system is expected to be able to detect a higher visual attention similarity when the
attention traces of users are highly overlapping and vice versa. Moreover, the effects
of the importance level and equality level on detecting the visual similarity between
users are also analyzed based on the generated attention traces.

Dataset Collection

A large-scale dataset is established in this section, which is collected by two users at
60 different positions in the university. These 60 positions, ranging from outdoors
on the university campus, indoors in the university buildings, and different positions
on the computer screen, provide sufficient support to verify the robustness of our
system. At each position, two users respectively take a 1-minute video containing
their eyes, so the entire dataset contains 2x60 videos and 2x60 labels indicating the
actual positions of users. Fig. 4.16 shows the large-scale dataset, where the RGB
images are the scenes users look at, and the grey-scale images are the corresponding
light distributions in users’ eyes.

Creation of Attention Traces

Based on the collected large-scale dataset, we generate a wide variety of attention
traces for users u; and u;, as shown in Fig. 4.17. First, we recursively select the
videos collected by u; in the indoor buildings. The length of the video selected each
time is random until the total length of all selected videos reaches 1 minute, which
is the generated attention trace for u;. Then, we generate u;’s attention trace by
selecting the videos collected by wu; in the indoor buildings so that u;’s attention
trace and u;’s attention trace are 100% overlapping. Next, u;’s attention trace is
kept unchanged and a segment of u;’s attention is randomly changed so that u;’s
attention trace and u;’s attention trace are 90% overlapping. In this way, the overlap
ratio of the attention traces between w; and u; is reduced by 10% for each time,
until the overlap ratio of the attention traces between u; and u; is 0%. These steps
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Figure 4.16: Large-scale dataset.

are repeated 100 times to produce 1000 combinations of attention traces between wu;
and u; in indoor buildings.

In addition to the videos collected indoors in the university buildings, the
attention traces are also generated for u; and u; using the videos collected outdoors
on the university campus, and the videos collected when u; and u; look at the
computer screen. The proposed system then computes the visual attention similarity
between u; and u; for each pair of attention traces to obtain large-scale statistical
results, which are presented in the next section.

Synchronicity Analysis

The experimental results are shown in Fig. 4.18, where the x-axis in each figure in
Fig. 4.18 is the overlap ratio of users’ attention traces, and the y-axis is the visual
attention similarity between users detected by the proposed system. Each curve in
Fig. 4.18 consists of 11 bars, which represent the distributions of visual attention
similarity between users at 11 different overlap ratios, i.e., 0%, 10%,...,100%. The
midpoint of each bar indicates the mean of visual attention similarity at a given
overlap ratio, while the length of the bar represents the standard deviation of visual
attention similarity. Therefore, Fig. 4.18 investigates the synchronicity between
the overlap ratio of users’ attention traces and their visual attention similarity in
different environments, where the red curve in Fig. 4.18(a) represents indoors the
university buildings, the yellow curve in Fig. 4.18(b) represents the computer screens
and the blue curve in Fig. 4.18(c) stands for outdoors the university campus. For
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Figure 4.17: Creation of attention traces.

the purpose of comparison, the overall mean and overall standard deviation of visual
attention similarity are presented by black curves in each figure in Fig. 4.18.

We can see that each curve in Fig. 4.18 exhibits a similar trend, that is, the mean
of visual attention similarity increases as the overlap ratio of users’ attention traces
increases, and the standard deviation of visual attention similarity stabilizes at a
certain range despite the increase of the overlap ratio of users’ attention traces. An
example is given by the red curve in Fig. 4.18(a), where the mean of visual attention
similarity increases from 0.3 to 0.5 and eventually to 0.72, as the overlap ratio of
users’ attention traces increase from 0% to 50% and finally to 100%. The standard
deviation of visual attention similarity is 0.18, 0.19, and 0.11, when the overlap ratio
of users’ attention traces increases from 0% to 50% and finally to 100%, respectively.
Moreover, we can see that the slope of the red curve in Fig. 4.18(a) is the largest,
while the slope of the blue curve in Fig. 4.18(c) is the smallest. This shows that our
system’s ability to distinguish users’ attention is best in the indoor environment
and worst in the outdoor environment, which is also in accordance with our analysis
in Section 4.6.1. Note that even in the worst outdoor environment, our system is
able to satisfactorily distinguish users’ attention. As shown by the blue curve in
Fig. 4.18(c), while the overlap ratio of users’ attention traces increases from 0% to
50% and finally to 100%, the mean of visual attention similarity increases from 0.3
to 0.5 and eventually to 0.72, which is distinguishable in the outdoor environment.
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Figure 4.18: Correlation between visual attention similarity and overlap of atten-
tion traces.

Impact of Parameters

The impact of the proposed importance level and equality level are investigated in
this section. To achieve this, the visual attention similarity is re-computed based
on the uncontrolled experiments 1) when neither the importance level §; nor the
equality level d is considered, 2) when only the importance level §; is considered,
and 3) when only the equality level ds is considered, respectively. The experimental
results are shown by the red curve in Fig. 4.19(a), the yellow curve in Fig. 4.19(b),
and the blue curve in Fig. 4.19, respectively. For the purpose of comparison, the
black curve in each figure in Fig. 4.19 represents the results when considering both
the importance level §; and the equality level d5. Similar to Fig. 4.18, all curves in
Fig. 4.19 also describe the synchronicity between the overlap ratio of users’ attention
traces and their visual attention similarity.

The red curve is much flatter compared to the black curve in Fig. 4.19(a), with
the visual attention similarity increasing from 0.48 only to 0.59 when the overlap
ratio of users’ attention traces increases from 10% to 90%. The significant difference
in visual attention similarity is only found when the overlap ratio is 0% or 100%,
i.e., when users’ attention traces are completely identical or different. Therefore,
when neither the importance level §; nor the equality level §o is considered, the
proposed system fails to correctly detect users’ attention. Both the yellow curve in
Fig. 4.19(b) and the blue curve in Fig. 4.19(c) are very similar to the black curve
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Figure 4.19: Impact of importance level and equality level.

when the overlap ratio of users’ traces is from 0% to 60%, and both of them are
slightly lower than the black curve when the overlap ratio is from 60% to 100%. As
a consequence, the ability of the proposed system in distinguishing users’ attention
is significantly improved, when either the importance level or the equality level is
taken into account. However, the best performance of our system is only achieved
when both the importance level and the equality level are exploited.

4.7 Conclusion

This work designs a visual attention correlating system based on the collaboration
between cross-domain sensing data, i.e., the movements of human eyeballs and the
light reflected in human eyes. The designed system first creates consecutive visual
signatures for each user as his visual trajectory based on the collected eyeballs’
movements and the light patterns. A DTW-based algorithm is proposed in the
system to align users’ visual signatures. The maximum similarity between users’
visual signatures is referred to as the visual attention similarity between users.
Extensive experiments demonstrate that the proposed system is able to distinguish
users’ visual attention and is robust to different environments, scenarios, and external

conditions.
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Figure 5.1: Overview of system framework.

5.1.1 System Modelling

Given an indoor environment divided into h x w discrete grids, let R = {rj]1 <
i < h xw} denote the set of two-dimensional (2-D) coordinates of these grids.
Initially, I; reference points (RPs) R = {r;|1 < i < I} are selected from these
grids R, where r; = (z;,y;) is the 2-D coordinate of the i-th RP. At each RP,
J1 Wi-Fi samples are offline collected, where a Wi-Fi sample refers to a 2-tuples
list, including the MAC addresses of detected Wi-Fi access points (APs) and their
corresponding RSS. First, let A = {oy ;i € [0,11],7 € [0,J1]} denote the set of I} x J;
Wi-Fi samples collected offline, where «; ; is the j-th Wi-Fi sample collected at r;.
Assume that Ky APs are observed during the offline collection phase. Second, let
D = {d;lj € [0, J1],k € [0, K1]} denote a set of N x N images (N > h,w) representing
the RSS of each AP at all I; RPs, where the image intensity d; i (x;,v;) indicates
the RSS of AP-k observed in «; j. Note that the pixels outside the RPs of each
image are set to zero. Third, Iy RPs R = {F;|1 <i < I} are sparsely sampled from
R (Iy < I) and let S = {s;jx|j € [0,J],k € [0, K]} denote another set of N x N
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images representing the RSS value of each AP at these I3 RPs. In this work, D and
S are referred to as the dense and sparse radio maps of Wi-Fi APs. In addition, full
radio maps of AP-k refer to that AP-k has valid RSS values at all grids R in the
environment.

Given S and D, this work models the propagation behavior of APs’ Wi-Fi signals
in the target environment, by learning the sparse-to-dense evolution of radio maps of
these APs. To this end, this work adversarially trains a generator and a discriminator
for radio map adaptation. On one hand, we assume that new APs are observed
during the online stage, and their RSS values are sparsely collected. The well-trained
generator is capable of generating full radio maps for these APs using their sparse RSS
observations, i.e., generating RSS for them at each grid in the discrete environment.
On the other hand, this generator can also be employed to densify the radio maps of
existing APs, thereby alleviating the efforts required for offline collection. Given A,
an auxiliary objective of this work is to devise a novel fingerprinting technique for
localization. This fingerprinting technique progressively explores the RSS correlation
between APs, and exhibits its ability against performance degradation caused by
signal fading.

5.1.2 System Overview

Fig. 5.1 presents an overview of the system framework, comprising four phases: Phase
1) Dataset collection, Phase 2) Adversarial learning-based radio map generation,
Phase 3) RSS correlation-based fingerprinting and localization, and Phase 4) Radio
map adaptation and spatial reconstruction.

In Phase 1, site surveys collect Wi-Fi samples from ambient Wi-Fi APs at dense
RPs. The collected Wi-Fi samples are first transformed into dense and sparse radio
maps of Wi-Fi APs. Next, the dense and sparse radio maps of Wi-Fi APs are
forwarded to Phase 2, while the collected raw Wi-Fi samples are fed into Phase 3.
In Phase 2, a framework for radio map generation incorporating GAN and GPR is
proposed. The generator in this GAN-GPR framework learns the sparse-to-dense
evolution of radio maps of Wi-Fi APs, aiming at generating full radio maps for
Wi-Fi APs. In Phase 3, a novel fingerprinting technique is devised to transform
the collected Wi-Fi samples into fingerprints. The devised fingerprinting technique
creates a fingerprint dataset by studying the RSS correlation between APs detected
in Phase 1. After that, a location predictor is trained for indoor localization using
the created fingerprint dataset. Radio maps adaptation occurs in Phase 4, where the
generator trained in Phase 3 not only generates radio maps for newly observed APs
but also densifies the radio maps of existing APs with RSS generation. Additionally,
the location predictor is retrained using the adapted radio maps in Phase 4.
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5.2 Adversarial Learning for Radio Map Generation

To model the propagation of APs’ wireless signals in the target environment and
generate full radio maps for APs, this work designs a GAN-GPR framework to
learn the sparse-to-dense evolution of APs’ radio maps. The proposed GAN-GPR
framework is composed of a radio map generator, a discriminator, and a GPR model.
The generator takes sparse radio maps of Wi-Fi APs as network input and aims to
generate full radio maps for APs. In parallel, the GPR model creates full radio maps
for APs based on their dense radio maps, which serve as the learning target for the
generator. The discriminator is adversarially trained to separate generator-derived
full radio maps from GPR-derived full radio maps, until the generator is capable
of generating radio maps to fool the discriminator. In this chapter, the technical
details of the proposed framework are explained.

5.2.1 Framework Design

Given the dense radio maps {d;x|j € [1,J1]} of AP-k, the RPs’ coordinates R where
d; 1 are collected, and the coordinate R of all grids in the environment, the proposed
framework first devises a GPR model to estimate AP-k’s RSS at R by taking R
and d;;, as the training data. Let ¢, denote the estimated RSS of AP-k at f{, which
is also referred to as the full radio maps of AP-k as R includes all grids in the
environment. Eq. (5.1) demonstrates how the full radio map ¢ of AP-k is created,
which is essentially to find the posterior probability of the designed GPR model. In
Eq. (5.1), K(R,R) explores the covariance between the training points, (R, R)
studies the covariance between the training points and each test point, and o2 is
the noise. To address the problem that RSS of AP-k varies over time due to signal

S dik
fading, the dense radio maps are averaged and denoted by et L Y Eq. (5.1).
1
. =i djk
a=K@R,R)- (KR,R)+02-1)". % (5.1)
1

The covariance function employed in the GPR model comprises two radial basis
function (RBF) kernels with different length scales ¢; and ¢o (¢; > f3), as shown in
Eq. (5.2). The kernel with the larger length scale depicts the coarse distribution
of APs’ RSS in the environment, while the kernel with the smaller length scale
preserves the RSS distribution details from the training data.

— /2 _ ,2
K(x, xr) = a.eXp(_rTglla) +6-exp(—|r2é ||2)’

r,r/ € R. (5.2)

Taking the GPR-derived full radio map cj, as the learning target and the sparse
radio map s;j as network input, the proposed framework then trains a generator g
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for radio map generation. The well-trained generator G only utilizes AP-k’s sparse
radio map s to generate the full radio map for AP-k, and the generator-derived
full radio map G(s; ) is expected to closely resemble the GPR-derived full radio
map c.

minmax £(G, D) = Ee,-c[D(er)] - Es, -s[D(G(551)) ]+
AEpp [(19,D(p)]2 - 1)?] (5.3)

In the proposed framework, the generator G is trained in an adversarial manner
with a discriminator D, and the training process is essentially a min-max game
according to Eq. (5.3). On one hand, the discriminator D is trained to distinguish
between the GPR-derived full radio map ¢; and the generator-derived full radio
map G(s;j). On the other hand, the generator G is trained to generate G(s; ) that
can fool D. As shown by the loss function in Eq. (5.3), the objective of training
the discriminator D is to maximize £(G,D), which is achieved by maximizing
E¢,~c[D(ck)], i.e., giving a higher score when D detects cj. In contrast, the objective
of training the generator G is to minimize £(G, D) by maximizing Es; , .s[D(G(s5x))],
i.e., generate the full radio map to fool D. Note that, to avoid violating the Lipschitz
continuity constraint during training, i.e., an infinitely large (infinitely small) score
is directly given when G detects ¢, (G(s;jx)), the gradient penalty proposed in
[GAA+17] is applied during training, denoted by (|V,D(p)|2 - 1)*. The key idea of
the gradient penalty is to keep the gradient norm |V,D(p)|2 close to 1 for any given
point p, which is sampled from the interpolated points set P =n-c,+ (1-1)-G(sj1).

The proposed framework for radio map generation incorporates the advantages
of both GPR and GAN. First, when an AP only provides extremely sparse RSS
observations, the kernel function of GPR is incapable of capturing the spatial
correlation between data points. In this case, the trained generator can generate
full radio maps for APs using their sparse RSS observations, because the signal
propagation in the target environment is studied by learning the sparse-to-dense
evolution of APs’ radio maps. Second, GPR significantly outperforms GAN-based
networks in terms of interpolation capability. Therefore, the proposed framework
can effortlessly generate denser radio maps for APs.

5.2.2 Network Architecture

Fig. 5.2 presents the network architectures of the designed generator G and dis-
criminator D, where the generator design adopts the concept of the U-net network
[REB15] for better capturing the fine-grained features from the radio maps. First, a
set of N x N sparse radio maps are fed into the generator at the input layer. Then,
the sparse radio maps are downsampled to preserve only the most important features,
through a combination of a series of convolutional layers, norm layers, and activation
layers. Based on the retained features, another combination of convolutional layers,
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Figure 5.2: Network architecture.

norm layers, and activation layers is employed to upsample the downsampled radio
maps. The upsampled NV x N images represent the full radio maps to be generated.
Note that, the Resnet architecture [HZR+16] in the generator network optimizes
the training of the generator by associating the inputs and outputs of each block. In
addition, the inputs of each block in downsampling are fed into the inputs of each
block in upsampling, for the purpose of better retaining spatial features.

The architecture of the discriminator network in Fig. 5.2 is simpler than the
generator network. The discriminator simultaneously takes the generator-derived
full radio maps and the GPR-derived full radio maps as network inputs. The input
dimension is constantly reduced through the combination of multiple convolutional
layers, norm layers, and activation layers, until ultimately obtaining a 1 x 1 score
which quantifies the generation quality.

5.3 RSS Correlation-based Fingerprinting and Localiza-
tion
5.3.1 Creation of Fingerprints

Given the set of all I; x J; Wi-Fi samples, denoted by A = {«; j|i € [0,11],7 € [0, J1]},
collected during an offline collection phase, the fingerprint dataset F = {f; ;|i €
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Algorithm 4: RSS Correlation-based Fingerprinting.

Input :Q: A list keeping the alphabetically sorted BSSIDs of all APs observed during
the dataset collection phase;
a;,;: The j-th Wi-Fi samples collected at the (z;,y;);

Output: f;;: The fingerprint created for o, ;

1 //Initialization:

2 A list 7, ; of length |« ;| is initialized for keeping the importance level of each AP in «; ;.
3 Alist f;; of length |Q| is initialized for keeping the fingerprint.

4 //Computation of importance level:

5 for g from 1 to |a ;| do

6 for p from 1 to |as,;| do

7 <1

8 Function AP_Correlation(l, rq, rp):
9 if rg—rp<d-1lthen

10 return v; ;(q)

11 Vi3 (@) < vii(q) +1

12 l<1+1

13 return AP_Correlation(l, rq, rp)

14 //Creation of fingerprint:
15 for g from 1 to |a; ;| do

16 for p from 1 to |Q2] do
17 L if wq =, then

18 | fii(p) < vii(a)

19 //Normalization: f;; < fi;/M;
20 return f; j;

[0,11],j € [0, J1]} is created using the novel fingerprinting technique f; ; = F(a ;)
devised in this work. The design rationale of the proposed fingerprinting technique
is to progressively investigate the RSS correlation between each pair of APs in o j,
and then quantify the importance level of each AP in «; ;. More specifically, if the
RSS of a given AP is significantly stronger than the RSS of other APs in «; j, the
importance level of this AP is considered higher than that of other APs in o ;.
As the importance level of each AP in «;; is jointly determined by all observed
APs, even if the RSS of a particular AP undergoes an abrupt change due to signal
fading indoors, the importance level is not impacted significantly. The creation of
the fingerprint f; ; for o ; is essentially to compute the importance levels of each
observed AP in q; ;.

Algorithm 4 illustrates the technical details of the devised fingerprinting technique
using the example of generating the fingerprint f; ; for the Wi-Fi sample «; ;. Here,
a;j = {(wi,r1), (w2,72), ..., (Wg,7¢),...)} is a 2-tuples list where w, represents the
MAC address of the ¢g-th AP in «;; and 7, is the RSS of w,. To compute the
importance level of w, in «; ;, Algorithm 4 investigates the RSS correlation between
wy and each AP in o; ;. As shown in lines 5 to 13 in Algorithm 4, a recursive
function AP Correlation is executed to study the correlation between w,’s RSS
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(rq) and w,’s RSS (7). As can be seen, the importance level of w,, denoted by
7i,5(q), increases by [ if ry is larger than r), by [-0. Next, the value of [ is incremented
by 1, and the recursive function proceeds. In the next recursion, if r, is larger than
rp by 1-9, 7 j(q) increases by [ and the value of [ is incremented by 1 again. When [
increases until 7, is no longer larger than r, by {-9, the recursive function terminates,
and w, is compared with the next AP w41 in a; ;. The above procedure is iterated
until w, is compared with each AP in «;j, and 7;;(¢) is computed. Similarly,
the importance level of each AP in «; ; can be computed using the above method.
Finally, the importance level of each AP in a; ; is filled into a new list f; ; according
to lines 14 to 18 in Algorithm 4, where all APs observed during the offline collection
phase are sorted alphabetically. Here, f; ; is the fingerprint created for a; ;.

Fig. 5.3 gives a numerical example of creating the fingerprint for «; ;. Let us
assume that «; j = {(AP1,-36dB), (AP2,-45dB), (AP3,-55dB), (AP4,-63dB), (AP5,-
77dB), (AP6,-85dB)}, and 4 is set to 8. The importance level of AP1 can be computed
by exploring the correlation between the RSS of AP1 (r1) and the RSS of other APs
(re to 16) in oy ;. We first compare r; and rg by executing the recursive function
AP _Correlation. The importance level of AP1 ~; ;(1) is initialized to 0, and [ is
initialized to 1. As can be seen, ry is greater than rg by 49dB, which is larger than
the value of 1. Therefore, ~; ;(1) is added by 1, [ is added by 1, and the recursive
function proceeds. Next, 7; (1) is added by 2 because 49 dB is still greater than the
value of 26. Similarly, by recursively repeating the above procedures, 7; (1) is added
by 3, 4, 5, and 6 as [ is incremented to 3, 4, 5, and 6, respectively. The recursive
function terminates when 7] is not larger than rg by -4, i.e., 49 dB is smaller than 74.
After compared with we, the importance level of wy is 7; (1) = 1+2+3+4+5+6 = 21.
Subsequently, w; is compared with ws. When [ increases from 1 to 5, v; (1) is
respectively added by 1, 2, 3, 4, and 5 because ry is larger than r5 by 16, 26, 34,
44, 50. The recursive function terminates when [ increases to 6, where r; is not
larger than r5 by 66. As a result, v;;(1) =21 +1+2+3+4+5 = 36 after w; is
compared with ws. 7; (1) is ultimately computed after w; is compared with wy, ws,
and wo, which in our case is 46. Similarly, v; ;(2), 7vi;(3), 7i;(4), 7i,;(5), 7i,;(6) are
computed by iterated the above procedures, which are 29, 10, 4, 1, and 0. Therefore,
the importance level list {49,36,29,10,4,1,0} is filled into a new list f; ;, which is
the fingerprint created for a; ;.

The RSS correlation-based fingerprint is essentially an extension of the mobility
signature introduced in Section 3.2.1. Both fingerprints and mobility signatures
extract spatial information from raw RSS measurements by exploiting relative RSS
correlations among Wi-Fi APs rather than absolute RSS values. As a result, invariant
features in RSS data can be captured, mitigating the impact of RSS fluctuations
caused by signal multipath propagation. Moreover, when information from a subset
of Wi-Fi APs becomes unavailable due to dynamic radio environments, correlations
among the remaining APs can still be leveraged for compensation. The key difference
between fingerprints and mobility signatures lies in their correlation comparison
mechanisms. Mobility signatures analyze RSS correlations using a predefined fixed
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Figure 5.3: Creation of fingerprints.

threshold, which is sufficient for capturing overall movement patterns and trajectory
similarity. In contrast, fingerprints investigate finer-grained RSS correlations among
APs using multiple dynamic thresholds implemented through a recursive function,
thereby preserving richer spatial signal characteristics for accurate localization.

5.3.2 Location Predictor

This work designs a location predictor based on the created fingerprints to correlate
the fingerprints with their corresponding locations, thus enabling accurate localiza-
tion. As shown in Fig. 5.3, the devised location predictor consists of a convolutional
layer, an LSTM layer, and three fully connected layers. While the fingerprinting tech-
nique extracts the local features from observed APs by checking their pairwise RSS
correlation, the LSTM layer employed in the location predictor captures the global
features from APs. In addition, the convolutional layer in the location predictor is
utilized to help the LSTM better capture the short-term temporal dependencies.
The fully connected layers are used to bridge the LSTM-predicted sequence and the
fixed-size outputs. The dropout layer is used to prevent overfitting during training.

5.4 Experiments and Evaluation

Extensive experiments are conducted in this work based on three datasets of varying
scales, where a small-scale dataset is collected in our Lab at the university, while
the medium- and large-scale datasets are publicly open-sourced datasets. As demon-
strated by the comprehensive experimental results in this section, the proposed
system provides a substantially temporal-resilient system for wireless signal-based
localization, outperforming SOTA methods. When the ambient environment changes
over time, i.e., the disappearing of existing APs or the joining of new APs, our system
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Figure 5.4: Small-scale environment.

effectively mitigates performance degradation by merely leveraging a few sparse
observations from newly detected APs. In this section, we first comparatively study
the overall performance of the proposed system and SOTA in a complex environment
and over a long period. Next, we dive into the details and further investigate how
our system alleviates the performance decay over time. Last, advanced experiments
are made to evaluate the system’s performance from different perspectives.

5.4.1 Experimental Setup
Dataset Descriptions

In this work, three datasets of varying scales are leveraged for a comprehensive
evaluation of the performance of the proposed system, i.e., a large-scale dataset, a
medium-scale dataset, and a small-scale dataset.

Large-Scale Dataset. The large-scale dataset [MRT+18] is created in a
university library, where Wi-Fi samples are collected in a two-story area of 2 x
308.4m? filled with bookshelves and passing people. The dataset is collected over
15 months in this area, during which 63,504 Wi-Fi samples are recorded and a total
of 174 Wi-Fi APs are detected. We select 13 months of data from this dataset, i.e.,
from the previous January to the next January, and each month contains 3,120
Wi-Fi samples collected at 106 RPs as training data and 512 Wi-Fi samples collected
at 24 RPs as test data.

Medium-Scale Dataset. The medium-scale dataset [HYD-+19] is collected
in an indoor office area of 16 m x 21 m. In this dataset, 365 RPs are uniformly
selected from this office area to collect Wi-Fi samples for training, and another 175
RPs are chosen to collect Wi-Fi samples for testing. At each RP, multiple Wi-Fi
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samples are effortlessly captured by a mobile phone mounted on an autonomous
driving robot. This robot, equipped with different types of sensors, also records
the two-dimensional coordinates of each Wi-Fi sample with a localization error of
0.07m. In total, this dataset records 30,335 Wi-Fi samples for training and 3,120
Wi-Fi samples for testing, in which a total of 15 Wi-Fi APs are detected.

Small-Scale Dataset. As shown in Fig. 5.4, the small-scale dataset is created
by ourselves in a Lab at our university, where 6 BLE beacons are deployed in the
5.5m x 7m Lab to verify that our system is also compatible with BLE signals. In
this environment, we evenly select 94 RPs and record 32 BLE samples at each RP,
with a total of 3,008 Wi-Fi samples collected by a smartphone.

Performance Metrics

This section introduces the four experimental metrics utilized for performance
evaluation: network change level, localization error, performance decay, and RSS
deviation.

e Network change level. During the collection of Wi-Fi samples in the first month,
the set of all detected Wi-Fi APs is denoted by S;. Similarly, we denote by
S; the set of all APs detected during the collection of Wi-Fi samples in the
i-th month. (Both S; and S; only record the unique BSSID of each detected
AP). The network change level is defined as 1 - |S|1;ji‘, which quantifies the

variation in detectable Wi-Fi APs from the first month to the i-th month.

e Localization Error. Localization error is a widely adopted metric in localization

research, which describes the Fuclidean distance between the true coordinates
(ground truth) and the coordinates estimated by the localization system.

e Performance Decay. Let Li denote the localization error of a localization
system in the first month and L; denote the localization error in the i-th
month. The performance decay in the i-th month is defined as Max(0, L; — L1),
representing the decay in system accuracy over time.

e RSS Deviation. We denote by Ry = {r1,r2,...,rn} the RSS values generated
by a generative model at N RPs and by Ry = {#1,72,...,7n} the actual RSS
values at these N RPs. The RSS deviation is defined as the absolute difference
between Ry and R4, which describes how far the generated RSS values deviate
from the actual values.

5.4.2 Network Implementation

Fig. 5.2 and Fig. 5.3 introduce the overall network architecture of the devised radio
map generator, radio map discriminator, and location predictor. This section further
describes the implementation details of each network, e.g., the kernel size, the
channel size, and the length of strides, etc.
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Implementation of Generator

Fig. 5.2 presents the network structure of the radio map generator. The input of the
generator is a tensor of dimension (64, 1, 64, 64) representing that for each input,
the batch size is 64, the channel size is 1, and the image size is 64x64. Table 5.1
presents all the parameters of the 11 convolution layers used in the generator. As
can be seen in the U-shaped generator, the channel size first increases from 1 to
128 and then decreases from 128 to 1, while the image size decreases from 64x64 to
16x16 and then increases from 16x16 to 64x64. The discriminator and generator are
trained collaboratively, with the generator trained only once after the discriminator
is trained five times. During the training of the generator, the learning rate is set
to 0.0001, the penalty coefficient for the gradient penalty loss is set to 10, and the
number of training epochs is 150.

Table 5.1: Network architecture of the generator.

Convad Chamnel Kermel o e Stride 1728€
s1ze s1ze S1ze

1 32 3 1 1 64x64
2 32 3 1 1 64x64
3 64 3 1 2 32x32
4 64 3 1 1 32x32
5 128 3 1 2 16x16
6 128 3 1 1 16x16
7 64 3 1 1 32x32
8 64 3 1 1 32x32
9 32 3 1 1 64x64
10 32 3 1 1 64x64
11 1 1 0 1 64x64

Implementation of Discriminator

Fig. 5.2 also shows the network structure of the radio map discriminator. The input
of the discriminator has one more channel than the generator because it takes both
the image generated by the generator and the real image as input. Therefore, the
input of the discriminator is a tensor with a dimension of (64, 2, 64, 64). Table 5.2
introduces the parameters of the convolution layers in the discriminator. As can be
seen, the channel size keeps decreasing while the image size increases until an output
of size 1x1 is produced, which quantifies the divergence between the generated image
and the real image. The discriminator shares the same batch size, learning rate,
gradient penalty coefficient, and number of epochs as the generator. Note that the
discriminator employs multiple dropout layers to avoid overfitting during training,
with a dropout rate of 0.5.
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Table 5.2: Network architecture of the discriminator.

Conv2d 17/Out Kernel o e Stride 1128°
channel size size
1 16 4 1 2 32x32
2 32 4 1 2 16x16
3 64 4 1 2 8x8
4 128 4 1 2 4x4
5 1 4 0 1 1x1

Implementation of Location Predictor

Fig. 5.3 demonstrates the network architecture of the location predictor. The 1D
convolution layer has a channel size of 8, a kernel size of 1, a stride of 1, a padding
of 0, and an activation function of eLU. The LSTM layer has a channel size of 50,
an activation function of tanh, and a recurrent activation function of sigmoid. The
channel sizes of the three dense layers are 16, 10, and 3, respectively, and their
activation functions are all eLU. During the training of the location predictor, the
learning rate is set to 0.005, the number of epochs is 200, and the batch size is 256.

5.4.3 Comprehensive Analysis in a Large-Scale Environment

In this section, we evaluate the localization performance of our system from various
perspectives using the large-scale dataset. First, we observe the changes in detectable
Wi-Fi APs in the environment over a period of more than a year. Next, we
comparatively analyze the impact of such changes on the localization performance of
our system and SOTA. To adapt to the changes in WiFi APs and thereby mitigate
performance decay, our system trains a generative model to generate radio maps for
newly observed APs. We subsequently explore the correlation between performance
decay and radio map generation. Moreover, we study the correlation between
performance decay and wireless network dynamics, i.e., the number of changed
Wi-Fi APs. In the end, we investigate the impact of the number of Wi-Fi APs
learned by the generative model.

Long-Term Analysis of Performance Evolution

In this section, we comparatively investigate the performance changes of localiza-
tion systems over time. The comparative SOTA is Surimi [QTN+22] and iToLoc
[LXY+24]. The experiments in this section are conducted based on the Wi-Fi
data collected over a period of 13 months in the large-scale dataset, as described
in more detail in Section 5.4.1. Initially, the Wi-Fi samples collected in the first
month (January) are leveraged to train individual localization models for Surimi,
iToLoc, and our system. Meanwhile, our system trains a generative model for
radio map generation also based on the Wi-Fi samples of January. Subsequently,
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the localization models developed in January are tested using the Wi-Fi samples
collected over the next 12 months (February to next January), for the purpose of
analyzing the performance changes over time. Note that when new APs are detected
during the test stage, our system employs the trained generative model to generate
dense radio maps for them.
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Figure 5.5: Overall performance comparison with SOTA over a year.

The experimental results are shown in Fig. 5.5(b), where the curves with circles
and asterisks represent the performance of iToLoc and Surimi, respectively. The
curves with squares and triangles show the performance of our system before and
after the generation of radio maps for the newly detected APs. As can be seen,
Surimi, iToLoc, and our system all achieve satisfactory localization accuracy in
January in the complex multi-floor 3D environment, with an average localization
error of 1.75m for our system, 1.955m for Surimi, and 2.172m for iToLoc. In
February, the three localization models still keep lower localization errors, with
1.841m for our system, 1.937m for Surimi, and 2.124 m for iToLoc. It is worth
noting that in March, the network change level increases from 0.269 to 0.597, as
shown in Fig. 5.5(a). This indicates that the APs detected in March differ greatly
from those detected in January or February. Consequently, the system performance
is significantly hampered when the localization model trained in January is employed
to locate the Wi-Fi samples collected in March. As expected, the average localization
errors of our system, Surimi, and iToLoc respectively increase to 3.338 m, 2.888 m,
and 2.694m in March, as shown in Fig. 5.5(b). To compensate for the performance
decay, our system generates radio maps for the newly detected APs and then retrains
our localization model by incorporating the generated radio maps. As a result, the
localization error of our system is greatly reduced from 3.338 m to 2.307 m in March.
From April to next January, the average localization error of our system is also
reduced from 3.430m to 2.170 m, which is significantly lower than the 3.402m of
Surimi and the 2.770m of iToLoc over the same period.
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To summarize, Surimi performs the worst, and iToLoc, while outperforming
Surimi, is still much inferior to our system. The above results can be explained
with the help of the two potential reasons causing the performance decay, as we
discussed in Chapter 1. First, the RSS of an AP may vary from time to time,
even at the same location. This is because objects or people in the environment
could be at different locations at different times, thus causing different signal fading.
Second, the detectable APs in the same environment may also differ from time
to time. iToLoc can promptly and effortlessly update the RSS of APs through
semi-supervised learning, thus alleviating the performance decay caused by signal
fading. However, the semi-supervised learning in iToLoc is incapable of learning
newly detected APs. Hence, the system performance is still impaired when the
network change level is high. Surimi merely leverages the GAN to generate denser
Wi-Fi FPs effortlessly. Nevertheless, when the Wi-Fi samples utilized to develop
the localization model are already dense enough, Surimi can no longer generate
more useful FPs. Therefore, Surimi can address neither of the two aforementioned
problems.

Correlation Study between Performance Decay and APs Generation

In the previous section, our system is validated to be temporally robust against
the changes of APs in the environment, which is achieved by generating radio
maps for the newly observed APs. In this section, we expound further on how our
system progressively alleviates performance decay via the generation of radio maps,
i.e., to investigate the correlation between performance decay and the number of
generated radio maps. First, we study in depth the correlation between the number
of generated APs and performance decay. Then, we analyze the correlation between
the number of radio maps learned by our system and the quality of the generated
radio maps.
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Figure 5.6: Performance decay vs. Figure 5.7: Quality analysis of gener-

number of generated APs. ated APs.
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To gain a better insight into the impact of generating radio maps for new APs on
mitigating performance decay, we first observe the APs detected in any two months,
e.g., January and July. As observed, 8 new APs are detected in July compared
to January. As a consequence, when we employ the localization model trained
in January to locate the Wi-Fi samples collected in July, and no radio maps are
generated for any new APs, the performance decay sharply increases to 1.310 m, as
shown in Fig. 5.6. Fortunately, our system is capable of mitigating performance
decay by generating radio maps. When we generate the radio map only for 1 out
of the 8 APs and retrain the localization model by incorporating the generated
radio map, the performance decay is reduced from 1.310m to 1.055m. When we
generate radio maps for 2, 3, 4, 5, 6, 7, and 8 APs, respectively, the performance
decay is accordingly reduced to 0.645m, 1.017m, 0.713m, 0.31 m, 0.34 m, 0.401 m,
and 0.273m. As can be seen, the performance decay of our system is getting smaller
as the number of generated radio maps increases. The performance decay reaches a
minimum of only 0.273 m when radio maps are generated for all 8 APs.

The mitigation of performance decay of our system is highly correlated with the
quality of the generated radio maps. To analyze the quality of the generated radio
maps, we compute the RSS deviation of each generated radio map from its ground
truth. As shown in Fig. 5.7, the average RSS deviation of radio maps generated for
all APs is smaller than 5dB, where RSS deviation for AP1, AP2, AP5, and AP7 is
even smaller than 4dB. Note that in an indoor environment, two consecutive RSS
samples taken at even the same location from a certain AP may be greater than
5dB. The fingerprinting technique proposed in this work is resistant to RSS with
deviations within 5 dB, therefore our system achieves a promising performance aided
by the generated radio maps.

Impact of Wireless Network Dynamics

This work refers to wireless network dynamics as changes in detectable Wi-Fi APs
in the environment. In this section, we further explore the correlation between
our system’s performance decay and the number of disappeared APs. First, while
keeping the test set complete and fixed, we randomly remove 8 APs from the
training set and then train a localization model and a generative model for radio
map generation. Note that both the training set and test set are the Wi-Fi data
collected in January from the large-scale dataset in this section. Next, we retrieve
sparse RSS samples of these 8 APs from the complete and fixed test set, which are
then utilized by the generative model to generate denser radio maps for these 8 APs.
We update the training set by replacing the 8 removed APs with generated radio
maps. Subsequently, the updated training set is leveraged to retrain the localization
model. In the end, we compare the localization performance after removing APs and
the performance after generating radio maps. We execute the above steps repeatedly
while removing 1, 2, 3, 4, 5, 6, and 7 APs, respectively, so as to compare the system
performance after removing 1 to 7 APs and the performance after generating 1 to 7
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radio maps. To rule out experimental flukes, the above procedures are repeated 12
times, using the Wi-Fi data from February to the next January, respectively.
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As demonstrated in Fig. 5.8, the performance decay of our system is 0.022m,
0.201 m, 0.287m, 0.615m, 1.014m, 1.904 m, 2.305m, and 2.887 m when the number
of disappeared APs ranges from 1 to 8, respectively. As can be seen, the system
performance is barely impaired when only one AP disappears, with a performance
decay of 0.022m. In this situation, generating the radio map for the AP instead
increases the performance decay to 0.029m. When the number of disappeared
APs increases to two or three, the system performance is slightly hampered, with
performance decay of 0.201 m and 0.287 m, respectively. It is then visibly observed
that generating radio maps for disappeared APs reduces the performance decay
from 0.201 m to 0.01 m, and from 0.287m to 0.034m. The system performance
deteriorates increasingly as more APs disappear. When the number of disappeared
APsis 4, 5, 6, 7, and 8, the performance decay severely increases to 0.615m, 1.014 m,
1.904 m, 2.305 m, and 2.887m. Nevertheless, benefiting from the generation of radio
maps, our system can alleviate the performance decay to 0.176 m, 0.193 m, 0.186 m,
0.162m, and 0.207 m, respectively.

In conclusion, regardless of the number of disappeared APs, our system can
greatly redeem the system performance through the generation of radio maps.
Particularly when more APs disappear over time, the generation of radio maps is
imperative to prevent the localization system from crashing.

Impact of Number of learned APs

As we explained in Chapter 1, the fundamental rationale behind the devised gen-
erative model is to learn the propagation behavior of Wi-Fi APs in the target
environment. We assume that the more APs in this environment are learned, the
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closer the generated radio maps resemble the actual radio maps. To validate our
assumptions, we investigate the correlation between the quality of the generated
radio maps and the number of learned APs in this section. The experimental results
are based on the large-scale dataset consisting of 174 detectable APs. Note that
we find through observations that not all APs can serve as dense radio maps to
be learned by the generative model. First, many APs are inconsistently detectable
throughout the Wi-Fi data collection stage and only produce highly sparse Wi-Fi
samples. Second, the RSS of numerous detected APs varies within a narrow range,
often below -70 dBm. This occurs because Wi-Fi APs typically provide coverage
over a large area of about 100 m, and many detected APs are deployed outside the
target environment, resulting in smaller RSS values. As a result, only approximately
20 APs in the large-scale dataset can be utilized to train our generative model.

Fig. 5.9 demonstrates the RSS deviation of the generated radio maps compared
to the real radio maps, when the generative model learns 4 APs, 8 APs, and 16 APs,
respectively. As can be seen, the quality of the generated radio map is unsatisfactory
when the generative model only learns 4 APs. In comparison to ground truth, the
average RSS deviation is about 10 dB, and the maximum RSS deviation even exceeds
30dB. This is because the number of learned APs is too small, and the generative
model is incapable of comprehensively learning the signal propagation in each area
of the target area. As the number of learned APs increases to 8, the average RSS
deviation is reduced to about 5dB, and the maximum RSS deviation is smaller than
20dB. By this time, APs are distributed in many areas of the target environment
as the number of APs increases, and the generative model can roughly grasp the
signal propagation behavior in the target environment. Eventually, when the number
of learned APs is increased to 16, the average and maximum RSS deviation are
reduced to 3dB and 12dB, respectively. This indicates that the generative model
learns sufficient APs to even characterize the signal propagation details in the target
environment.

5.4.4 Advanced Study in various Environments

In this section, we evaluate the average localization error of our system compared to
SOTA using different datasets in different environments. Consequently, we validate
that our system is not only temporally but also spatially robust.

Localization Error in various Environments

Table 5.3 shows the average localization errors of our system and SOTA in the
small-scale environment, medium-scale environment, and large-scale environment,
respectively. Fig. 5.10 further demonstrates the CDF of the localization errors of
our system and SOTA in these different environments. As shown in Table 5.3, the
average localization error in the small-scale environment is 0.773 m for our system,
0.834m for Surimi, and 0.809m for iToLoc. In the medium-scale environment,
the average localization error is 1.488 m for our system, 1.695m for Surimi, and
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Table 5.3: Average localization error (m).

SoLo-RA | Surimi | iToLoc

Small-scale
dataset (BLE)
Medium-scale
dataset (Wi-Fi)

Large-scale
dataset (Wi-Fi) 1750

0.773 0.834 0.809

1.488 1.695 1.717

1.955 2.167

1.717m for iToLoc. In the large-scale environment, the average localization error
is 1.750m for our system, 1.955m for Surimi, and 2.167 m for iToLoc. As can be
observed, our system significantly outperforms Surimi and iToLoc in all environments.
Fig. 5.10 further verifies that our system is superior to SOTA. As shown in Fig. 5.10a,
Fig. 5.10b and Fig. 5.10c, the CDF curves of our system are consistently higher
than that of Surimi and iToLoc in all environments. In the small- and medium-scale
environments, the performance of Surimi is slightly better than iToLoc because
the curves representing Surimi converge earlier than the curves of iToLoc. In the
large-scale environment, the performance of Surimi is always superior to iToLoc.
Consequently, similar results demonstrate that our system has the best performance,
followed by Surimi, and iToLoc performs the worst.

Our system outperforms Surimi primarily on account of the devised fingerprinting
technique. Surimi directly leverages the raw RSS data to train the localization
model. However, the detected RSS may fluctuate greatly even at the same location
due to signal fading in the environment, which degrades the performance of the
trained localization model. In contrast, our fingerprinting technique explores the
RSS correlation between different APs rather than the absolute RSS value of each
AP. Therefore, although an AP’s RSS constantly fluctuates due to signal fading, our
system can still reliably assess the RSS correlation between this AP and other APs,
as long as the fluctuation is within the range of §.

The poorest performance of iToLoc complies with our expectations. While iToLoc
encodes the RSS correlation between different APs into an image for fingerprint
construction, it also encodes large amounts of irrelevant background information. To
be specific, a total of 174 APs are detected in the large-scale data set, and iToLoc
accordingly creates a fingerprint image with a size of 174x174. In this image, the
useful information, consisting of the RSS correlation between APs, is extremely
scarce compared to the vast amount of pixel-0 background information. Moreover,
while creating dense fingerprint datasets for the environment, 174x174 images are
computationally expensive for both fingerprint generation and model training.
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Figure 5.10: Localization accuracy in different environments.

Analysis on Fingerprint Generation

In the previous sections, newly observed Wi-Fi APs are taken into account. Our
system generates radio maps for the newly observed APs and then updates the
fingerprint dataset with the generated radio maps. In this section, the changes
in Wi-Fi APs are not considered, and our system directly generates a denser
fingerprint dataset for the target environment. Then, we investigate the performance
improvement associated with the number of generated fingerprints.

In this section, we again utilize the large-scale dataset to assess the impact of
generated fingerprints on system performance. Notably, to provide sufficient ground
truth for evaluation, we take the original test set as the training set, which includes
512 Wi-Fi samples collected at 24 RPs. Similarly, we take the original training set
as the test set, which contains 3120 Wi-Fi samples collected at 3120 RPs. First, a
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localization model and a generative model are trained for our system, Surimi, and
iToLoc, respectively, using the 512 Wi-Fi samples collected at 24 RPs. Second, the
three trained generative models are employed to generate denser fingerprints. Last,
the generated fingerprints are incorporated into the training set, and the localization
models are retrained.

As shown in Fig. 5.11a, while no additional fingerprints are generated, our
system’s localization error is 2.832 m, which is slightly higher than Surimi’s 2.790 m
and iToLoc’s 2.796 m. When 200 fingerprints are generated, the localization error of
our system decreases significantly to 2.702 m. However, it still performs the worst,
as the localization errors of Surimi and iToLoc further decrease to 2.668 m and
2.611m, respectively. Notably, when 2000 fingerprints are generated, our system’s
localization error drops substantially to 2.452m, while the errors of Surimi and
iToLoc only show slight reductions to 2.602m and 2.486 m. Such results are in line
with our assumptions. As the training set for the generative model only contains the
Wi-Fi samples collected at 24 RPs, the generation target is the Wi-Fi samples at
82 RPs outside the training set. Surimi and iToLoc, which employ GANs or other
classification models, can hardly generate correct Wi-Fi samples beyond the training
distribution. iToLoc is slightly better than Surimi because it uses semi-supervised
learning, which empirically enriches the model with extra knowledge. In comparison
to SOTA, our generative model synergistically utilizes GAN and GPR, which can
not only capture high-dimensional features in the training set, but also compensate
for the limited extrapolation ability of the generative model aided by the regression
technique.

Ablation Study

In this section, we conduct ablation experiments while varying the number of RPs,
at which Wi-Fi samples are collected for newly observed APs. On one hand, we
investigate the correlation between system performance and the number of RPs,
because the quality of generated radio maps is highly related to the sparseness of
Wi-Fi samples. On the other hand, we study the individual importance of GAN and
GPR from the perspective of RP sparseness, as they exhibit distinct characteristics
under different RP sparseness.

Fig. 5.11b presents the experimental results. With Wi-Fi samples collected
at only 5 RPs, the localization error of our system reaches up to 3.428 m when
using only GRP to generate radio maps. In comparison, a lower localization error
of 2.789 m is observed when employing GAN alone. Notably, When GPR and
GAN are utilized collaboratively, the localization error is lowest at 2.342m. This is
because regression techniques are heavily dependent on observation data to deduce
functions. Specifically, GPR uses kernel functions to capture the correlation between
2D coordinates in this work. When the data is extremely sparse, the ability of
kernel functions to characterize the spatial correlation between 2D coordinates is
limited. As a result, GPR exhibits severely limited generation capability when the
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Figure 5.11: Advanced study in different environments.

observation data is highly sparse. However, as the generative model learns how
signals propagate in the target environment by utilizing extensive training data
during the offline phase, it can create dense radio maps for new APs despite their
sparse observation data. Fig. 5.12 gives an example of radio map generation when
RPs are very sparse. As observed, the radio map generated by our system, i.e., the
collaboration of GAN and GPR, closely resembles the actual radio map. Conversely,
the radio map generated by GPR deviates significantly from the actual radio. As
shown in Fig. 5.11b, the localization errors decrease accordingly as the number of
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Figure 5.12: An example of generation with sparse Wi-Fi samples.

RPs increases. It is worth noting that when only using GRP for generation, the
localization error is dramatically reduced to 2.076 m meters, which is lower than
the 2.109 m of our system. This is because GPR is capable of learning the spatial
relationship between 2D coordinates when observations are sufficiently dense, leading
to smoother interpolation between data points. The generative model in our system
takes the radio maps generated by GPR with dense observations as the learning
target.

Analysis on Parameter Selection

Toward the close of the experimental section, we introduce a pivotal feature of the
devised fingerprinting technique, that is, the trade-off between localization accuracy
and temporal robustness can be achieved by tuning §. Fig. 5.11c presents the system
performance of our system under different §. As can be seen, the lower part of the
histogram in Fig. 5.11c represents the average localization error of our system in
the large-scale environment in January. The upper part of the histogram shows
the localization error for the next 12 months. As § increases from 1 to 20, the
localization error of our system progressively increases from 1.750 m to 2.869 m. On
the contrary, the performance decay of our system gradually drops from 1.672m to
0.412m as ¢ increases. The minimum localization error of 1.750 m is observed when
0 is set to 1. However, the performance decay caused by signal fading is maximal in
this case. In comparison, when ¢ is set to 20, although the performance decay is a
minimum of 0.412m, the localization error reaches a maximum of 2.869 m.

The experimental results comply with the underlying principle of the finger-
printing technique devised in our system. When a large J is selected, our method
tolerates the RSS oscillation within the range [-9,d], at the expense of the accuracy
of the localization model. This is because a larger § increases the uncertainty of
different classes in our localization model, thus weakening the prediction ability of
the model. While localization performance improves when we opt for a smaller 4,
the tolerance for RSS fluctuations diminishes, causing severe impairment to the
localization model caused by signal fading. Therefore, we need to strike a trade-off
between localization accuracy and temporal robustness. As shown in Fig. 5.11c, the
trade-off is observed when ¢ is around 12, where the localization error is 2.145m,
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and the system degradation is 0.983 m. In this case, our system exhibits temporal
robustness while achieving an acceptable localization error.

5.5 Conclusion

This work develops a spatial reconstruction and localization framework based on
radio map adaptation. First, a radio map generator is trained in this framework
through the joint collaboration of a GPR model and a GAN-based model. The
generator learns the sparse-to-dense evolution of APs’ radio maps, and can therefore
generate full radio maps for APs using their sparse RSS observations. Second, a novel
fingerprinting algorithm is additionally devised in the framework, by investigating
the relative RSS correlation between different APs. Extensive experimental results
demonstrate that the proposed framework provides a spatiotemporal robust scheme
for indoor Wi-Fi localization.






CHAPTER 6
Conclusions, Discussion, and
Outlook

6.1 Summary

This dissertation proposes a collaborative and complementary computing paradigm
for mobility analytics based on passive sensing data. Based on the proposed com-
puting paradigm, this dissertation performs mobility analytics from three different
perspectives, i.e., complementation between multi-modal sensing data, collaboration
between cross-domain sensing data, and multi-model-based generation of sensing
data.

Mobility Trajectory Comparison Based on Multi-Modal Sensing Data

This dissertation explores human proximity using multi-modal sensing data from
different sensors, i.e., Wi-Fi data from ambient Wi-Fi APs and acceleration data from
the user’s built-in sensor. This work models the collected Wi-Fi data into mobility
signatures and provides users with macroscopic mobility information. Also, this
work models the collected IMU information into movement signatures and provides
users with microscopic movement information. Mobility information implies users’
spatial relationships, but it lacks the ability to perceive small movements. In
contrast, movement information is sensitive to subtle body motions, but lacks
the support of relative or absolute location. Therefore, this dissertation, on the
one hand, jointly utilizes users’ mobility signatures and movement signatures to
infer their social distance, where the Wi-Fi data and the IMU data complement
each other for their respective weaknesses. On the other hand, this dissertation
considers consecutive mobility signatures and consecutive movement signatures as
users’ mobility trajectories. By quantifying the similarity between users’ mobility
trajectories, this dissertation builds a bridge between the cyber-world distance and
physical-world distance. Extensive experimental results not only demonstrate the
importance of utilizing multi-modal sensing data, which improves the accuracy of
proximity detection, but also validate the ability of the proposed metrics (inter-
similarity, self-similarity, and movement similarity) in establishing a linkage between
cyber-world and physical-world.

117
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Visual Trajectory Comparison Based on Cross-Domain Sensing Data

This dissertation investigates the correlation between users’ visual attention through
the collaboration between cross-domain passive sensing data, i.e., users’ eye move-
ments and the light patterns reflected in their eyes. In this work, an eye camera is
employed to continuously capture information of the user’s eyes. Although both the
movement of the eyes and the light reflected in their eyes originate from the same
sensor, their perception of the environment is characterized from different knowledge
domains. The collaborative use of these two types of data in this dissertation can
facilitate a more comprehensive detection of visual attention. Specifically, the goal
of this dissertation is to use the captured information from users’ eyes to determine
whether users have the same visual attention, e.g., viewing the same painting or
watching the same TV show. To this end, this dissertation models the light reflected
in the user’s eyes as continuous visual signatures, where each visual signature is
the frequency domain distribution of the light. When the user’s visual attention
changes, the light reflected in his eyes also evolves, thus generating continuous visual
signatures. This dissertation refers to the continuous visual signatures of the user
as his visual attention trajectory. By quantifying the similarity between the visual
attention trajectories of users, the correlation between their visual attention can
be investigated. This dissertation verifies through extensive experiments that the
proposed visual signatures can model the light patterns reflected in the user’s eyes
effectively, and the proposed similarity quantification algorithms can also reliably
investigate the correlation between users’ visual attention.

Multi-Model-Based Generation of Sensing Data

This dissertation reveals two important challenges in Wi-Fi-based indoor localization
through extensive experiments: 1) offline collecting Wi-Fi fingerprints requires large
amounts of human effort. 2) constructed Wi-Fi fingerprint database may deteriorate
over time, because changes in wireless network conditions are inevitable. Therefore,
this dissertation designs a framework for Wi-Fi fingerprint generation and indoor
localization, based on Al-driven models and non-Al-driven models. Al models are
usually better at extracting high-dimensional features from data and are therefore
superior at generating the details of Wi-Fi fingerprints. Non-AI models possess
strong extrapolation capabilities, and can still generate a reasonable result when the
Wi-Fi fingerprint generation framework is fed with unlearned targets. Therefore,
this dissertation collaboratively utilizes Al-driven models and non-Al-driven models
to generate Wi-Fi fingerprints, thereby enhancing the robustness of Wi-Fi-based
indoor localization. In addition, this dissertation designs a novel Wi-Fi-based indoor
localization algorithm that can provide satisfactory localization results even without
the generation of fingerprints. Finally, this dissertation also verifies through extensive
experiments that the performance of the designed fingerprint-based localization
system is not significantly degraded compared to existing state-of-the-art research
and can stand the test of time.
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6.2 Discussion

This section first discusses the extensibility of the proposed mobility analytics
framework, with a focus on the feasibility of incorporating both multi-modal and
cross-domain sensing data. It then investigates how the proposed framework can
be generalized to additional sensing modalities, such as acoustic signals. Finally, it
discusses the limitations of deep learning-based methods in this dissertation.

Incorporating Multi-Modal and Cross-Domain Sensing Data

In this dissertation, mobility analytics is performed based on sensing data collab-
oration and complementation for two reasons. First, the availability of sensing
data is generally uncontrollable, because passive sensors in existing environments
are deployed for purposes other than mobility analytics and may therefore become
unavailable at any time due to removal, malfunction, or reconfiguration. Second,
compared with active sensing-based mobility analytics, where dedicated sensors are
deployed for specific applications, a single sensing modality or sensing domain in pas-
sive sensing-based mobility analytics often provides only limited information about
user mobility. Therefore, this dissertation investigates how multi-modal sensing data
or cross-domain sensing data can be leveraged, under constrained sensing conditions,
to compensate for the absence of single-modality or single-domain sensing data and
to mitigate potential system degradation.

As future work, jointly incorporating both multi-modal sensing data and cross-
domain sensing data could further enhance the performance of mobility analytics
when the availability of multiple sensor types or multiple sensing modalities can be
reliably ensured. However, in practice, it is difficult to guarantee the continuous
availability of both multi-modal sensing data and cross-domain sensing data due to
the aforementioned two reasons. In addition, incorporating both multi-modal and
cross-domain sensing data may incur higher deployment, processing, and maintenance
costs, which conflict with the key advantage of passive sensing-based mobility
analytics, namely its low overhead and cost effectiveness.

Toward General Mobility Analytics across Sensing Modalities and Do-
mains

Although the proposed methods for mobility trajectory comparison and visual
trajectory comparison are applied to different sensing modalities, namely Wi-Fi and
visual data, their key methodological principles are highly consistent. In both cases,
the raw sensing data are first transformed into structured representations, referred to
as mobility signatures and visual signatures, which compactly capture users’ mobility-
related characteristics while filtering out irrelevant information. These signatures
serve as modality-specific representations that unify heterogeneous sensing data
into a common analytical form. Subsequently, temporally consecutive signatures
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are organized into trajectories, and DTW-based algorithms are employed to match
asynchronous trajectories collected at different sampling rates or time offsets.

Based on this shared two-stage modeling and matching approach, the proposed
framework can be extended to additional sensing modalities or sensing domains.
As future work, for any new modality, the raw sensing data can first be modeled
into a corresponding signature that encodes mobility-relevant information. Once
converted into a sequence of signatures, the resulting trajectory can be analyzed
using the same DTW-based trajectory matching algorithm without changing the
key comparison logic. For example, acoustic sensing data can be transformed
into acoustic signatures based on sound intensity distributions or spectral features
associated with user movement, and these signatures can then be matched over time
using DTW to infer mobility similarity.

Limitations of Deep Learning-Based Methods in Passive Mobility Ana-
lytics

Recently, deep learning-based methods have demonstrated strong capabilities in
modeling complex and nonlinear features and have been successfully applied to
a wide range of mobility analytics applications. In principle, well-trained deep
learning models could achieve higher performance when sufficient, well-labeled, and
consistently available training data are provided.

However, in the context of this dissertation, deep learning-based methods face
several practical limitations. First, they typically require large amounts of labeled
training data, which is difficult to obtain for trajectory-based mobility analytics.
Since the problem is to compare users’ mobility trajectories rather than isolated
data samples, the number of possible trajectory combinations grows combinatorially
with trajectory length and user population. Collecting ground-truth similarity
labels for such a vast number of trajectory pairs would be extremely labor-intensive
and infeasible, which limits the availability of sufficient training data for effective
model learning. Second, even if a deep learning model is trained through extensive
data collection efforts, its performance may degrade significantly when the sensing
environment changes. Models trained in one environment often do not generalize well
to others due to differences in infrastructure, spatial layouts, and sensing conditions,
which require repeated data collection and retraining, leading to additional efforts.
Furthermore, training deep learning models generally incurs significant computational
overhead, particularly in large-scale environments with extensive training data.

In contrast, the proposed methods are plug-and-play and operate without offline
training, significantly reducing computational overhead. Although deep learning-
based approaches may achieve higher performance under ideal conditions with
sufficient data and stable environments, the cost of data collection, retraining,
and computation may outweigh their potential benefits. Therefore, deep learning-
based methods are better considered as a complementary direction rather than
a replacement for the proposed framework, for example by being integrated into
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specific stages to learn more expressive mobility-specific representations from raw
sensing data.

6.3 Future Work

Mobility analytics based on wireless signals has been a central theme of this dis-
sertation, with a particular focus on exploiting RSS measurements from ambient
Wi-Fi APs to achieve efficient and cost-effective mobility analytics. Despite its prac-
ticality, Wi-Fi-based mobility analytics still has several limitations. Most notably,
its performance depends strongly on the density of Wi-Fi APs in the environment.
When a sufficient number of APs is available, the uncertainty in the received Wi-Fi
measurements can be effectively reduced, leading to more reliable analytics results.
In contrast, in environments with sparse Wi-Fi AP deployment, or even in extreme
cases where only a single Wi-Fi AP is present, reliably estimating users’ spatial
locations becomes more difficult. To overcome these limitations, future work could in-
vestigate the use of additional sensors or complementary sensing modalities alongside
Wi-Fi RSS, in order to improve the robustness and accuracy of mobility analytics.

Future Work on Multi-Modal Sensing Data

One promising direction is to leverage ambient light as a cost-effective and low-effort
sensing modality [ZWZ+17; Z717]. Modern smart devices are commonly equipped
with built-in light sensors, which can be readily used to collect light intensity
measurements without additional hardware. Since light intensity generally decreases
with increasing distance from the light source, such measurements can provide
useful spatial information for mobility analytics. Beyond intensity-based sensing,
LicHT-EMITTING DIODE (LED) light sources exhibit flickering characteristics with
controllable frequencies. Recent studies have begun to exploit the modulation of
LED flickering frequencies as an alternative means of inferring users’ spatial locations.
In this context, LED bulbs with controlled frequency variations can act as virtual
landmarks, supporting indoor localization and navigation. Furthermore, prior work
has shown that when users capture images of ambient lighting with COMPLEMENTARY
METAL-OXIDE SEMICONDUCTOR (CMOS) cameras on mobile devices [ZZ18], the
rolling shutter effect, an inherent characteristic of CMOS imaging, appears as striped
patterns in the recorded images. This effect provides an additional opportunity for
mobility analytics, as it enables the extraction of spatial information from ambient
light sources without requiring explicit control over their flickering frequencies. As a
result, CMOS-equipped devices can exploit naturally occurring light-based patterns
to construct virtual landmarks, thereby supporting more efficient localization and
environmental perception in mobility analytics applications.
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Future Work on Cross-Domain Sensing Data

In recent years, many mobile devices start to support the measurement of RTT
from ambient Wi-Fi APs as an alternative to traditional RSS. Wi-Fi RTT is a
TIME OF FLIGHT (ToF)-based ranging technique, also referred to as FTM, and is
standardized in IEEE 802.11mc. In this technique, precisely timed Wi-Fi probe
exchanges are performed between users’ devices and ambient Wi-Fi APs. Specifically,
a Wi-Fi AP first transmits a probe packet to the user device, which then responds by
returning the received probe. Since the probe packet records the exact transmission
and reception timestamps, the device can estimate its distance to the Wi-Fi AP
based on signal propagation speed, thereby providing spatial information for mobility
analytics. Compared with Wi-Fi RSS, which is highly susceptible to multipath effects
and fading caused by obstacles and reflections, the spatial information provided
by RTT is generally more reliable. This is because RTT primarily relies on signal
propagation time and is therefore less sensitive to variations in signal strength
induced by environmental dynamics. In addition, RTT typically processes only the
first arriving signal path, which further helps mitigate distortions introduced by
multipath propagation and interference. As a result, while RSS-based localization
can be significantly degraded by destructive interference, RTT-based localization
remains more robust in complex indoor environments.

However, RSS-based localization also demonstrates clear advantages in many
practical scenarios. In particular, RSS-based localization provides higher compat-
ibility and lower deployment cost because it can directly leverage existing Wi-Fi
infrastructure. Most Wi-Fi APs already deployed in indoor environments support
RSS measurements, allowing localization to be implemented using off-the-shelf de-
vices without additional hardware or infrastructure upgrades. In contrast, RT'T-based
localization requires IEEE 802.11mc-compliant Wi-Fi APs and user devices, which
are not universally available, often necessitating dedicated hardware deployment
and increasing system cost.

Recent works [Cho22; SWL+22] provide comparative analyses of RSS and RTT
data, demonstrating that the two modalities capture different characteristics of
wireless signals and offer complementary information for mobility analytics. As
a result, cross-domain utilization of RSS and RTT can improve the reliability of
wireless-based mobility analytics. By jointly exploiting the respective advantages
of these sensing modalities, a collaborative approach can achieve more accurate,
robust, and scalable mobility analytics across diverse application scenarios.
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